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ABSTRACT
FIRE EMISSIONS IN THE TROPICAL INDONESIA: IMPROVED ESTIMATION
AND DRIVING FORCES INVESTIGATION
XIAOMAN LU
2022
Indonesia has experienced frequent fires since the 1970s due to large-scale peatland
conversion and extensive drainage for agricultural development. Fire emissions released
from these fires have led to Indonesia being the world’s 3rd largest emitter of greenhouse
gases in certain years. Given that fire emissions severely affect climate, weather, and the
human environment, numerous approaches have been developed to estimate fire emissions.
However, existing emission estimates differ largely by a factor of four in this tropical
country because of frequent cloud interferences and low-temperature smoldering fires.
Therefore, this dissertation aims to improve the quantification of Indonesian fire emissions
through enhanced parameters of smoke aerosol emission coefficient (Ce) and fire radiative
energy (FRE: time-integrated fire radiative power (FRP)) within the framework of FRPbased approach, as well as to investigate the drainage canal and peatland degradation
impacts on fire emissions using satellite observations.
Specifically, Chapter 2 provides a novel algorithm to derive Ce values for different
land cover types using Moderate Resolution Imaging Spectroradiometers (MODIS) active
fire and aerosol optical depth (AOD) products. This study demonstrates that Ce value varies
with land cover types, with a larger value in peatlands than in non-peatlands. Chapter 3
develops a new algorithm to improve the estimation of fire emissions using observations
from Advanced Himawari Imager (AHI) onboard geostationary satellite and Visible

xxii
Infrared Imaging Radiometer Suite (VIIRS) onboard polar-orbiting satellite. It enhances
FRE calculation using the reconstructed diurnal FRP cycle by fusing FRP retrievals from
high temporal-resolution AHI with those from high spatial-resolution VIIRS. This chapter
also improves Ce retrievals using VIIRS active fire and aerosol observations. The fire
emission estimates from diurnal FRP and Ce show a high quality according to its significant
correlation with an independent reference dataset derived from MODIS AOD. The
estimated fire emissions over the study period from 2015 to 2020 reveal that the greatest
fire emissions occurred during the strong 2015 El Niño event. Most of these emissions
were released from Kalimantan and Sumatra islands, particularly their peatland areas.
Chapter 4 investigates the impacts of drainage-related water level and peatland degradation
on fire emissions. The results suggest that water level decrease leads to an effect of
exponential increase of fire emissions, and vice versa. Besides, this effect is doubled in
peatlands relative to non-peatlands because the underlying peat soils become combustion
fuels in peatlands if water levels are reduced significantly. Chapter 5 summarizes the
research and presents some recommendations for future research. Overall, this dissertation
paves the way for improved estimation of tropical biomass burning emissions and supports
the Indonesian government’s recent peatland restoration policies.

1
CHAPTER 1. Introduction

2
1.1 Overview of Indonesian peatlands and fire emissions
Peatland is an important wetland ecosystem saturated with water. Such waterlogged
condition provides a critical environment for peat production by preventing organic plant
materials from fully decomposing (Joosten and Clarke 2002). Therefore, peatland stores a
large amount of soil carbon through peat accumulation over thousands of years.
Specifically, peatland holds nearly 30% (550 Gt) of the world’s soil carbon although it
covers only ~3% (4×106 km2) of the global land area (Xu et al., 2018). A significant portion
of these peatlands is located in the tropical areas, particularly in Indonesia that shares 47%
of tropical peatland area and 65% of tropical peat carbon (Page et al., 2011). Under natural
environment, these peatlands rarely experience fires because peat deposits typically lie in
water-saturated conditions below primary swamp forests (Miettinen et al., 2017).
Nowadays, however, fire becomes frequent in peatlands mainly due to large-scale peatland
conversion and extensive drainage for agriculture development (Cochrane 2009, Goldstein
et al., 2020, Lu et al., 2021).
Large-scale conversion from peatlands to agriculture is a critical factor affecting
fire occurrences in Indonesian peatlands (Figure 1-1). Since human settlement and
development in the 1970s, Indonesia has experienced exceedingly commercial plantations
(e.g., oil palm and pulpwood) expansion (Wicke et al., 2011, Shigetomi et al., 2020). The
percentage of primary forest loss through profit-driven land use has been highest in
Indonesia among the world’s countries over the past few decades (Curtis et al., 2018,
Austin et al., 2019, Descals et al., 2021). Taking the case of the profitable oil palm
plantation, its coverage area has expanded from 700 km2 in 1971 to 118,000 km2 in 2016
due to strong global demand for vegetation oil and biofuel. In the process of land-use
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conversion, fire has been frequently used as a fast and cheap tool for large-scale clearance
of peat swamp forests. Such progressive deforestation and forest degradation in peatlands
result in only 6% of peatlands unaffected by development in this country, accompanied by
recurrent large fires (Margono et al., 2014, Miettinen et al., 2016, Nikonovas et al., 2020).
Simultaneously, drainage canal is another important factor affecting Indonesia fires.
Extensive drainage canal networks, established to lower groundwater levels for agriculture
growth, increase the dryness of underground peat soils and make them prone to fires
(Figure 1-1). Specifically, the installation of drainage canals alters the natural peat dome
and leads to significant declines in water table depths (WTD) (Hooijer et al., 2012, Lu et
al., 2021). Drained peat becomes susceptible to fires that increasingly burn downward into
these organic soils (Konecny et al., 2016). These fires, combined with the compaction of
the remaining peat, further alter the peatland hydrology (Hooijer et al., 2012). A vicious
circle can ensue between dropping WTD and increasing the prevalence of fires. It, in
combination with frequent drought events induced by El Niño, further exacerbates the
combustion duration and burned area extent. Since the beginning of the 21st century,
Indonesia has experienced several dramatically large fires in years including 2002, 2004,
2006, 2009, 2015, and 2019, with each year burning millions of hectares (Mha) across
Indonesia (Ballhorn et al., 2009, Han et al., 2017, Kiely et al., 2020).

4

Figure 1-1. Conceptual diagram of tropical natural (a) and drained (b) peat domes.

Consequently, the interplay between peatland conversion and water level decline
contributes significantly to the dramatic amounts of carbon emissions in Indonesia (Page
et al., 2002, Cochrane 2009). These emissions have made Indonesia the world’s 3rd largest
producer of greenhouse gases in some years (i.e., 2000), behind only United States and
China, versus being 21st if peatland emissions were excluded (Silvius et al., 2006, Parker
et al., 2008). Note that only fire emissions are studied in this dissertation despite that these
peatland emissions may be also contributed by biological oxidation. The fire emissions are
released into the atmosphere in the forms of trace gases (e.g., carbon dioxide: CO2 and
carbon monoxide: CO) and particulate matter (e.g., total particulate matter: TPM and fine
particulate matter: PM2.5). One of the most catastrophic peatland fire events in 1997 in
Indonesia released 13-40% of the mean annual global carbon emissions from fossils fuels
(Page et al., 2002). Additionally, another notorious Indonesian fire event in 2015 had a
notably high daily mean CO2 emission rate exceeding that from fossil fuels in 28 European
Union countries combined, with the majority of them releasing from peatland fires
(Huijnen et al., 2016). The huge volume of fire-emitted smoke aerosols and noxious gases
could have a great effect on climate, weather, and human environment not only in
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Indonesia but also in neighboring countries and even global scales (Langmann et al., 2009,
Field et al., 2016, Kiely et al., 2020).
First, fire emissions have manifold effects on climate by either warming or cooling
climate (Randerson et al., 2006, Langmann et al., 2009, Bond et al., 2013). On one hand,
fire emissions can lead to climate warming because of the following reasons. (1) They
contribute considerable greenhouse gases, such as CO2 and methane (CH4), to the global
atmospheric budgets. (2) The black carbon in fire smoke aerosols has a strong ability to
absorb heat radiation emitted from the ground (Bond et al., 2013). (3) The black carbon
lowers the surface albedo of bright ice and snow in the Arctic, as well as modifies
vegetation albedo at local fire sites (Stohl et al., 2013). On the other hand, fire emissions
could also result in climate cooling because of the absorption and scattering activities of
solar radiation by organic aerosols in smoke aerosols (Langmann et al., 2009, Bond et al.,
2013). Currently, it is still challenging to understand the net effect of fire emissions on
climate because these emissions can influence the atmospheric composition and land
surfaces in multiple ways.
Second, fire emissions could affect weather conditions through influencing the
formation of clouds and precipitation (Koren et al., 2004, Spracklen et al., 2008). For
example, fire smoke aerosols can suppress cloud formation and growth by narrowing the
temperature gap between the ground and the atmosphere (Koren et al., 2004). In contrast,
the particulate matter in fire emissions can also facilitate the formation and growth of
clouds by adding more particles to the atmosphere for water vapor condensation (Spracklen
et al., 2008). The interaction between fire smoke particles and clouds further modifies the
processes that form precipitation (Lin et al., 2006). A study conducted over fire seasons in
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the Brazilian Amazon suggests that evaluated aerosol optical depth (AOD) induced from
fire smoke aerosols is associated with enhanced cloud covers and increased rainfall (Lin et
al., 2006).
Third, fire emissions severely affect the human living environment by degrading
air quality and reducing visibility. Fire smoke-polluted air contains aerosols with relatively
small particulate sizes that can be easily breathed in, often leading to respiratory infection,
asthma, lung cancer, and cardiovascular diseases among other human health impacts
(Brook et al., 2010). For instance, the extreme 2015 fire event caused lethal levels of air
pollution estimated to have caused more than 100,000 premature deaths from exposure to
fine particulates in smoke aerosols (Konecny et al., 2016). Fire smoke aerosols also reduce
near-ground visibility as reported in the comparison between satellite-detected smoke and
the visibilities recorded by meteorological observers (Ghirardelli and Glahn 2010, Ismanto
et al., 2019). The declined visibility over thick smoke days would undisputedly have a bad
influence on transportation, tourism, and people’s lives.
Given the multiple effects of fire emissions, considerable efforts have been devoted
to mitigate the adverse environmental consequences through peatland restoration by the
Indonesian government (Dohong 2018, Sirait 2018, Lu et al., 2021). Since 2016, the
Indonesian Peatland Restoration Agency (Badan Restorasi Gambut, BRG) has conducted
various mitigation activities, primarily through canal blocking and backfilling, to restore
2.5 Mha of peatland ecosystems and protect them from burning (Sirait 2018). This BRG
project is conducted under the premise that both the number of fires and total emissions
will decrease as water table levels are raised (Dohong 2018, Putra et al., 2018). In addition,
this project is arguably the largest global carbon-flux mitigation program being undertaken.
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Throughout 2017–2021, BRG implemented 6,668 units of canal blocking, 172 units of
canal backfilling, and 1,187 ha of revegetation in the seven priority provinces located in
Sumatra, Kalimantan, and Papua islands. However, these completed tasks account for only
6.78%, 6.84%, and 0.13% of the planned ones, respectively. Therefore, it is still a long way
to fully rewet the damaged peatlands resulting from long-term extensive drainage.

1.2 Challenges for estimating fire emissions in Indonesia
To fully understand the drivers and effects of fire emissions, accurate estimation of
fire emissions is urgently needed in Indonesia, especially in peatlands. However, frequent
clouds and smoldering fires make the fire emissions estimation challenging in this tropical
country (Wooster et al., 2018, Kiely et al., 2019). As mentioned in Section 1.1, a majority
of Indonesia fires is released from peatlands, which include both aboveground flaming
vegetation fires and underground smoldering peat fires. In contrast to flaming fires (~1800
K), the smoldering fires typically have a much lower temperature (~500 K), making it
difficult to be detected from space because of the weak radiance signal from fire pixels
relative to background pixels (Giglio et al., 2003, Hu et al., 2018). Additionally, tropical
Indonesia is prone to frequent cloud interferences, making it more challenging to detect
fires from airborne instruments due to cloud obstructions (Giglio 2007).
Currently, numerous methods have been proposed to quantify fire emissions, which
can be classified into three types: the burned-area, inverse model-, and fire radiative power
(FRP)-based approaches. The burned area-based approach is quite intuitive, leading it to
be widely used for estimating fire emissions from local to global scales, especially in
studies a decade ago (Wiedinmyer et al., 2006, Zhang et al., 2008, Reid et al., 2009,
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Wiedinmyer et al., 2011). This approach requires estimating biomass consumption based
on multiple inputs including burned area, combustion completeness, and fuel loading.
However, these parameters usually have large degrees of uncertainty. The often-used
satellite burned area products commonly miss small burned areas and their qualities are
sensor dependent (Giglio et al., 2006, Randerson et al., 2012). For instance, differences in
burned area estimates between Moderate Resolution Imaging Spectroradiometers (MODIS)
and SPOT-5 observations can exceed 90% in Central Kalimantan, Indonesia (Vetrita et al.,
2021). In addition, the quantification of combustion completeness and fuel loading is also
very challenging, particularly in peatlands (Konecny et al., 2016, Stockwell et al., 2016).
Thus, this approach is not optimal for the estimation of fire emissions in Indonesia.
Alternatively, the inverse model-based approach circumvents the uncertain burned
area and fuel loading inputs by using satellite observed fire and trace gases or aerosols
(Darmenov and da Silva 2015, Huijnen et al., 2016, Wooster et al., 2018). In the modelbased inversion, the estimated fire emissions are optimized through coupling with
atmospheric chemical transport models (CTM) and simultaneously constrained with
satellite total column observations. However, the derived fire emission estimates still
contain significant uncertainties attributed to systematic errors in the inversion analyses
that involve the configuration of multiple physical, chemical, and meteorological variables
(Tost et al., 2010, Jiang et al., 2013). For instance, using the same inputs, the modelsimulated fire emissions could have a discrepancy as large as 20% globally and 100%
regionally with different parameterization schemes for convection transport (Arellano Jr
and Hess 2006, Jones et al., 2009, Jiang et al., 2013). Most importantly, cloud cover can
affect the atmospheric chemical composition in the modeling processes (Tost et al., 2010,
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Ervens 2015), weakening the performance of the inverse model, which is a serious issue in
Indonesia.
More recently, the FRP-based approach estimates fire emissions by linking FRP
observations with either biomass combustion rates and emission factors (Wooster et al.,
2005, Kaiser et al., 2012, Zhang et al., 2012, Li et al., 2019, Li et al., 2020b) or smoke
aerosol emission coefficients (Ce) (Ichoku and Ellison 2014, Mota and Wooster 2018, Lu
et al., 2019, Nguyen and Wooster 2020). FRP, the instantaneous energy radiated from fires,
has proven to be a promising parameter for estimating fire emission rates in the laboratory
(Freeborn et al., 2008, Ichoku et al., 2008), local fields (Wooster et al., 2005), and
landscapes (Li et al., 2018b). The temporal integration of FRP, termed fire radiative energy
(FRE), is capable of producing fire emissions accumulated during a period of burning.
However, the traditional quantification of FRE usually omits numerous small/cool fires
based on FRP observations only from polar-orbiting or geostationary satellites due to
temporal or spatial sampling limitations (Kaiser et al., 2012, Zhang et al., 2012, Li et al.,
2018a, Wooster et al., 2018). For example, MODIS misses many fire detections because
of the relatively coarse spatial resolution (~1 km), very wide inter-orbital gaps in equatorial
regions (~395 km), and limited overpasses daily (Giglio et al., 2016, Li et al., 2020a).
Similarly, the older-generation geostationary satellites, such as Multifunction Transport
Satellite-2 (MTSAT-2 or Himawari-7) with a spatial resolution of 4 km at nadir, are unable
to observe small/cool fires, despite having fine temporal resolutions (e.g., 30 min for
MTSAT-2) (Hyer et al., 2013). Further, biomass combustion rates are poorly known for
smoldering peat fires although they have been well quantified for flaming vegetation fires
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(0.368 kg/MJ) (Wooster et al., 2005). Moreover, emission factors have often been obtained
from the limited laboratory or local measurements with high uncertainties (Andreae 2019).
The smoke aerosol emission coefficient (Ce) in the FRP-based approach provides a
method to derive fire particulate emissions directly, bypassing the need of biomass
combustion rates and emission factors. It has been shown to provide promising associations
between FRP and fire emissions estimates at different scales from the laboratory (Ichoku
et al., 2008) and regional (Lu et al., 2019, Nguyen and Wooster 2020) to global (Ichoku
and Ellison 2014). Currently, two methods have been proposed to estimate Ce values: one
using pixel-based observations and another using plume-level observations.
The pixel-based Ce is calculated by correlating the instantaneous FRP observations
to the emission rates of smoke TPM derived from AOD in individual pixels. This method
has been used to derive global time-invariant Ce at 1 ̊ grid based on eight-year (2004-2011)
MODIS active fire and AOD products (Ichoku and Ellison 2014). One distinct advantage
of this method is that it could collect large numbers of fire and aerosol samples for Ce
derivation. However, several uncertainties in the Ce estimation are related to the facts that:
(1) smoke emissions in the central fire pixel may be contaminated by its neighboring pixels
(Ichoku and Kaufman 2005, Ichoku and Ellison 2014); (2) some input datasets, such as
plume height, are likely of high uncertainties that propagate errors to the estimated Ce
values (Nelson et al., 2013); and (3) it is very challenging to obtain high-quality
simultaneous FRP and TPM rate from single satellite instantaneous observations because
fire is dynamic and the FRP value may vary during the period when the rate of smoke
aerosols is measured (Ichoku and Ellison 2014).
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In contrast, the plume-based Ce is estimated using temporal FRP integration (i.e.,
FRE) and accumulated TPM over selected smoke plumes during a period of biomass
burning. This method could improve Ce estimates by using temporal-integrated variables
and without the need of wind vector and plume height inputs. Nevertheless, for the current
plume-based method, Ce estimation requires the start burning time of individual fire events
(or fire cluster) (Mota and Wooster 2018), which is usually unknown due to the lack of
continuous fire observations, especially in regions without active fire detections from
geostationary satellites. In addition, the plume-based Ce derivation has never been done
anywhere across the globe except in the southern Africa.
Arising from inherent uncertainties in previous approaches and their
parameterization, existing estimates of Indonesia’s fire emissions differ greatly, by factors
of up to four (Ichoku and Ellison 2014, Liu et al., 2020), and their accuracies are
unquantified. Therefore, improved estimation for continuous monitoring of Indonesian fire
emissions is an urgent task, particularly in peatlands. The improved fire emission estimates
would be useful to quantify the impacts of peatland conversion and canal drainage on fire
emissions, as well as to assess the effectiveness of peatland restoration, which have been
rarely investigated in previous studies.

1.3 Research aim, objective, and hypotheses
The overall aim of this dissertation is to improve the estimation of fire emissions in
Indonesia using the Ce and FRP-based approach, and then investigate the impacts from
canal drainage and peatland degradation/restoration on fire emissions, based on multiple
polar-orbiting and geostationary satellite data. Note that the following fire emissions in this
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study mainly refer to the total particulate matter (TPM) in smoke aerosols. This aim is
pursued through the following three objectives:
•

Improve Ce values using plume-based FRE and accumulated TPM derived from
MODIS active fire and AOD products over a set of carefully selected fire-smoke plume
matchups during Terra and Aqua overpasses.

•

Improve FRE quantification using the reconstructed FRP diurnal cycles by fusing FRP
retrievals from high temporal-resolution Advanced Himawari Imager (AHI) with those
from high spatial-resolution Visible Infrared Imaging Radiometer Suite (VIIRS).

•

Investigate the influence of drainage canal-related water level variations on fire
emissions in peatlands and non-peatlands, respectively, based on long-term field
measurements and satellite observations.
To meet the above objectives, this dissertation addressed the following three

hypotheses:
Hypothesis #1: Ce could be directly calculated from FRE and accumulated TPM
derived from fire-smoke plume matchups between Terra and Aqua overpasses.
Ce has been demonstrated to be a promising parameter for converting FRE to smoke
TPM during a period of biomass burning (Ichoku and Kaufman 2005, Ichoku and Ellison
2014). It is hypothesized that Ce could be directly calculated once FRE and smoke TPM
are accurately quantified. MODIS provides a high capacity to characterize active fires and
smoke aerosol variations during the Terra and Aqua overpasses. Therefore, the excess TPM
of smoke aerosol accumulations and FRE during the short time period between Terra
(10:30 am local time) and Aqua (1:30 pm local time) overpasses could be reliably extracted
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from a set of selected fire-smoke plume matchups under cloud-free conditions, and then be
used to calculate Ce for different fuel types (Lu et al., 2019).
Hypothesis #2: Fire particulate emissions estimation could be improved using
diurnal FRP fused from VIIRS and AHI fire observations.
VIIRS FRP could be retrieved at a spatial resolution of 375 m from active fires at
the overpasses of the Suomi National Polar-orbiting Partnership (SNPP) satellite (Csiszar
et al., 2014, Schroeder et al., 2014), while AHI on Himawari-8 observes FRP at a spatial
resolution of 2 km every 10 minutes (Bessho et al., 2016). VIIRS can detect relatively
small/cool fires that are common in Indonesian peatlands, while AHI can observe the
detailed diurnal FRP variations. Thus, fusing the FRP observations from VIIRS and AHI
is hypothesized to improve smoke TPM (TPMFRE) estimation by reconstructing high
spatiotemporal FRP diurnal cycles for FRE estimates. In addition, the accuracy of such
TPMFRE can be quantitatively evaluated using independent TPM (TPMAOD) derived from
MODIS AOD observations over a number of selected smoke plumes between Terra and
Aqua overpasses (Levy et al., 2013, Loría-Salazar et al., 2021).
Hypothesis #3: Fire emissions vary with drainage canal water levels and degree
of peatland degradation.
Since systematic peatland conversion to agriculture in the 1970s, Indonesia has
experienced frequent large fires, especially over the regions related to the lowering of water
levels caused by drainage canals for agriculture development (Hoscilo et al., 2011, Kiely
et al., 2020). Regarding these fires, fuel types and combustion factors differ greatly
between the drained peatland and non-peatland without canal drainage (Page et al., 2002,
Wooster et al., 2018). These two factors have a great impact on Ce values. Ce could
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represent the emission rate of smoke TPM per unit FRP, as well as the accumulated TPM
per unit FRE (Ichoku and Ellison 2014, Lu et al., 2019). Hence, the key factors influencing
Ce variations would also affect fire particulate emissions (Heil and Goldammer 2001, Lu
et al., 2019). Therefore, fire emissions are hypothesized to vary with drainage canal water
levels and degrees of peatland degradation (Lu et al., 2021).

1.4 Significance of the research
Over the past few decades, Indonesia has experienced frequent large fires,
especially in degraded peatlands, due to extensive peatland exploitation and canal drainage
for agriculture development. The resultant fire emissions are severely affecting climate,
weather, and human activities, which make the accurate estimation of these fire emissions
urgent. However, frequent cloud obstructions and low-temperature smoldering fires make
the fire emissions estimation very challenging in this tropical country. In addition, few
studies have been quantitatively investigated the driving forces of Indonesian fire
emissions.
By addressing the three hypotheses, this dissertation improves the parametrizations
of the FRP-based approach in fire emissions estimation in Hypotheses #1 and #2, and
investigates the impacts of drainage canal and peatland degradation/restoration on fire
emissions in Hypotheses #3. Based on the enhanced parameters, the improved FRP-based
approach has a robust and superior performance in estimating Indonesian fire emissions by
capturing more emissions emitted by small/cool fires and reducing interferences from
cloud obstructions using high spatiotemporal observations. Expectedly, this work could
produce a high-spatiotemporal-resolution dataset of fire emissions across Indonesia.
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Further, the produced dataset is useful to enhance the modeling capability of weather and
air quality, as well as the qualification of the impacts on climate and human health at the
regional even global scale. Through investigating the driving factors of fire emissions, this
study will support the government’s decision-making procedures in peatland restoration
through balancing peatland fire emissions and peatland development related to local
communities' livelihood.

1.5 Organization of the dissertation
This dissertation has five chapters. Chapter 1 provides an overview of Indonesia
peatlands and fire emissions, as well as the challenges for estimating Indonesian fire
emissions. These backgrounds lead to the “aim, objectives, and hypotheses” in which this
research attempts to pursue and address. Then, Chapter 2 through Chapter 4 addresses the
above three hypotheses, respectively. Finally, Chapter 5 summarizes the whole research.
Chapter 2 addresses Hypothesis #1. It proposes a novel method to estimate Ce
values using FRE and smoke TPM over selected fire-smoke plume matchups during Terra
and Aqua overpasses based on MODIS active fire and AOD products, and examines the
Ce variation as regions and land cover types.
Chapter 3 addresses Hypothesis #2. It improves fire emissions estimates using
enhanced FRE quantification and fuel-type specific Ce values based on multiple newgeneration satellite data with high spatial/temporal resolutions, evaluates the estimated fire
emissions using independent reference data and existing fire emissions inventories, and
analyzes fire emissions with special focuses on time-series variations, spatial distributions,
and fuel type contributions.
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Chapter 4 addresses Hypothesis #3. It quantifies the impacts of canal drainage and
canal backfilling on water levels using long-term field-measured water table depth, and
investigates water level impacts on regional fire emissions in degraded peatlands and nonpeatlands separately by correlating field measurements with satellite-observed terrestrial
water storage (TWS).
Chapter 5 summarizes the research. It presents key findings in the tests of three
hypotheses and relates them back to the aim and specific objectives of this dissertation.
Recommendations on potential future research directions are also provided.

1.6 Contributing publications
This dissertation is a collection of three manuscripts, with each of them contributing
a chapter from Chapter 2 to Chapter 4. Other publications during the PhD are also listed at
the end. The dissertation related publications include:
•

Chapter 2: Xiaoman Lu, Xiaoyang Zhang, Fangjun Li and Mark A. Cochrane (2019).
“Investigating Smoke Aerosol Emission Coefficients using MODIS Active Fire and
Aerosol Products — A Case Study in the CONUS and Indonesia”. Journal of
Geophysical

Research:

Biogeosciences,

124,

1413-1429.

DOI:

10.1029/2018JG004974.
•

Chapter 3: Xiaoman Lu, Xiaoyang Zhang, Fangjun Li and Mark A. Cochrane (2022).
“Estimation and Evaluation of Particulate Emissions for Indonesian Peatland and Nonpeatland Fires During 2015-2020”. Remote Sensing of Environment. (submitted)

•

Chapter 4: Xiaoman Lu, Xiaoyang Zhang, Fangjun Li, Lun Gao, Laura Graham, Yenni
Vetrita, Bambang H. Saharjo and Mark A. Cochrane (2021). “Drainage Canal Impacts
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on Smoke Aerosol Emissions for Indonesian Peatland and Non-peatland Fires”.
Environmental Research Letters, 16, 095008. DOI: 10.1088/1748-9326/ac2011.

Other contributing publications include:
•

Xiaoman Lu, Xiaoyang Zhang, Fangjun Li, Mark A. Cochrane and Pubu Ciren (2021).
“Detection of Fire Smoke Plumes based on Aerosol Scattering using VIIRS Data over
Global Fire-prone Regions”. Remote Sensing, 13, 196. DOI: 10.3390/rs13020196.

•

Xiaoman Lu, Xiaoyang Zhang, Fangjun Li , Lun Gao and Mark A. Cochrane (2022).
“Double drought effects on fire particulate emissions over degraded peatlands relative
to non-peatlands in Indonesia”. (in preparation)

•

Fangjun Li, Xiaoyang Zhang, Shobha Kondragunta and Xiaoman Lu (2020). “An
Evaluation of Advanced Baseline Imager Fire Radiative Power based Wildfire
Emissions using Carbon Monoxide Observed by the Tropospheric Monitoring
Instrument across the Conterminous United States”. Environmental Research Letters,
15, 094049. DOI: 10.1088/1748-9326/ab9d3a.

•

Fangjun Li, Xiaoyang Zhang, Shobha Kondragunta, Xiaoman Lu, Christopher C.
Schmidtc and Ivan Csiszarb (2022). “A New Operational Algorithm for Generating
Hourly Biomass Burning Emission Product by Fusing ABI and VIIRS Fire Radiative
Power”. (in preparation)
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CHAPTER 2. Investigating Smoke Aerosol Emission Coefficients using MODIS
Active Fire and Aerosol Products — A Case Study in the CONUS and Indonesia
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Abstract
Smoke aerosols released from biomass burning greatly influence air quality,
weather, and climate. The total particulate matter (TPM) of smoke aerosols has been
demonstrated to be a linear function of fire radiative energy (FRE) during a period of
biomass burning via a smoke aerosol emission coefficient (Ce). However, it remains
challenging to quantify Ce appropriately through satellite observations. In this study, an
innovative approach was put forward to explore Ce by establishing the relationships
between FRE and TPM in two regions, the CONtiguous United States (CONUS) and
Indonesia. Specifically, we identified 584 isolated fire clusters and smoke plumes in the
CONUS and 248 in Indonesia using MODIS natural color images, and then calculated FRE
from MODIS active fire product and TPM from MODIS aerosol optical depth (AOD)
product for each fire-smoke matchup during Terra and Aqua overpasses. The relationships
between TPM and FRE were constructed to determine Ce using an ordinary least square
(OLS) regression. The results show that FRE and TPM are significantly correlated (r2 ≥
0.63, p < 0.001) with the Ce varying across regions and fuel types. In the CONUS, forest
Ce values are 21.3 g/MJ and 34.1 g/MJ and savanna Ce values are 18.2 g/MJ and 22.8 g/MJ
for western and eastern regions, respectively; additionally, Ce is 20.9 g/ MJ for grasslands
and 5.0 g/MJ for shrublands. In Indonesia, Ce is 52.4 g/MJ and 30.0 g/MJ for peatlands and
forests, respectively. Overall, this study improves our understanding of Ce variations with
fuel types and climate regions.

32
2.1 Introduction
Biomass burning releases a significant amount of smoke aerosols and trace gases
to the atmosphere (Wiedinmyer et al., 2006). Transported through the atmosphere, smoke
aerosols are the largest source of primary fine carbonaceous particle mass (Akagi et al.,
2011; Bond et al., 2004) and they degrade regional air quality, reduce visibility, influence
weather and climate, and threaten public health (Zhang et al., 2012; Marlier et al., 2015;
Reddington et al., 2016; Jayarathne et al., 2018). Currently, however, the smoke aerosols
emitted from biomass burning are one of the largest sources of uncertainty in air quality
forecasting (Yang et al., 2011). Therefore, accurate information on biomass burning
emissions is critical for air quality modeling.
During the last decade, considerable efforts, including the development of both
bottom-up (Kaiser et al., 2012; Darmenov & da Silva 2015; Van Der Werf et al., 2017) and
top-down (Ichoku & Ellison 2014; Nikonovas et al., 2017; Mota & Wooster 2018)
approaches, have been made to improve the estimation of total particulate matter (TPM) of
smoke aerosols emitted from biomass burning. The conventional bottom-up approach
estimates smoke emissions using biomass consumption and fuel type-specific TPM
emission factors (Wooster et al., 2003; Kaiser et al., 2012; Darmenov & da Silva 2015;
Van Der Werf et al., 2017). However, the estimation of biomass consumption, based on
either burned area/fuel loading (Zhang et al., 2008; Van Der Werf et al., 2017) or fire
radiative power (FRP) (Kaiser et al., 2012; Zhang et al., 2012; Darmenov & da Silva 2015),
generally includes a set of uncertainties due to parameterization of burned area and fuel
loading (Boschetti et al., 2004), combustion completeness (Veraverbeke & Hook 2013),
and sampling of satellite FRP observations (Vermote et al., 2009; Freeborn et al., 2011).
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Additional uncertainty comes from the commonly used laboratory-based emission factors
that differ largely from airborne-based emissions factors over wildfires for different fuel
types (Liu et al., 2017).
The top-down approach estimates smoke emissions directly from satellite FRP or
fire radiative energy (FRE), which is the temporal integration of FRP during a period of
biomass burning (Wooster et al., 2003). Recent studies have demonstrated that the rate of
emitted smoke aerosols in a fire event is a linear function of FRP and that the TPM of
smoke aerosols is directly related to FRE via a smoke emission coefficient (Ce) (Kaufman
et al., 1998; Ichoku & Ellison 2014; Mota & Wooster 2018). This approach has become
popular in recent years due to fewer uncertainty sources associated with the input
parameters compared with the conventional bottom-up approach. In this top-down
approach, the critical step is to accurately quantify the smoke emission coefficients, which
have been investigated using FRP (Ichoku & Kaufman 2005; Ichoku & Ellison 2014) and
FRE (Nikonovas et al., 2017; Mota & Wooster 2018), separately. The FRP-based method
estimates Ce by correlating the instantaneous FRP observations to the rate of smoke TPM
derived from aerosol optical depth (AOD) in each pixel. The derived Ce is then used to
estimate regional TPM of smoke aerosols (Ichoku & Kaufman 2005). This method has
been used to derive global Ce at a spatial resolution of 1 ̊ x 1 ̊ grids based on eight-year
(2004-2011) MODIS active fire and aerosol products for estimating global smoke TPM
(Ichoku & Ellison 2014). In contrast, the FRE-based method derives Ce using the temporal
FRP integration (i.e., FRE) and the accumulated smoke TPM during a specific time period
of biomass burning. This method has been utilized to estimate Ce over the lifecycle of large
North American temperate and boreal fires using MODIS FRE and model-simulated smoke
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TPM (Nikonovas et al., 2017) and to determine the fuel type specific Ce in South Africa
based on FRE estimated from the geostationary Spinning Enhanced Visible and InfraRed
Imager (SEVIRI) and accumulated smoke TPM in fire plumes derived from MODIS AOD
during the period from the start of fire burning to the overpass time of Terra or Aqua
satellites (Mota & Wooster 2018).
Although the top-down approach provides new insights in estimating smoke
emissions, some problems still remain to be solved. For the FRP-based method, Ce
uncertainties could remain because: (1) smoke emissions in one pixel can be easily
contaminated by its neighbor pixels, which generally results in an overestimation of Ce
values (Ichoku & Kaufman 2005; Ichoku & Ellison 2014); (2) some input datasets, such as
wind speed and plume height, are of high uncertainties that propagate errors to the
estimated Ce values (Nelson et al., 2013); and (3) it is very challenging to obtain high
quality simultaneous FRP and TPM rates from single satellite instantaneous observations
because the fire is dynamic and the FRP varies during the period when the smoke aerosols
are measured (Ichoku & Kaufman 2005). For the FRE-based method, in contrast, the Ce
estimates require the start burning time of individual fire events (or fire cluster), which are
usually unknown due to the lack of continuous fire observations, especially in regions
without active fire detections from geostationary satellites.
To mitigate the uncertainties in quantifying Ce, we propose here an innovative FREbased approach by investigating the relationship between FRE and smoke TPM estimates
derived from Terra and Aqua MODIS products. Specifically, we first visually and
manually selected isolated fire clusters and their corresponding smoke plumes based on
250 m MODIS natural color images provided by the NASA’s Worldview website. Then,
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for each selected fire cluster, FRE and corresponding smoke TPM were calculated using
MODIS active fire and deep blue AOD products during the period between NASA Terra
(~ 10:30 am local time) and Aqua (~ 1:30 pm local time) overpasses, respectively. This
proposed approach was used to (1) explore Ce variation with fuel types in the CONUS; and
(2) examine the difference of Ce between peatlands fires and forests fires in Indonesia.

2.2 Methodology
2.2.1 Study area and study period
We chose the CONUS and Indonesia as our study areas because these two regions
are both frequently affected by fires during fire seasons, but have very different climates
and land fuel types (Figure 2-1). Fires from these fuel types in tropical and extratropical
regions account for the most global biomass burning (Van Der Werf et al., 2017). The
CONUS has a temperate climate, with fires mainly occurring in forests, savannas,
shrublands, grasslands, and croplands across the western and southeastern regions. In
contrast, Indonesia has a tropical climate, where a significant fraction of fires affect
peatlands that are rich in soil organic matter (Yu et al., 2010). Due to deforestation and
persistent drainage for agriculture and palm plantation development in Indonesia, peatland
ecosystems have been degraded and become susceptible to fire (Page et al., 2002; Miettinen
et al., 2016). Thus, forest fires and peatland fires are the main types of fires over Indonesia.
Therefore, the combination of fires from the CONUS and Indonesia meets our purpose of
investigating the feasibility of our innovative approach proposed in this study to estimate
Ce for different fuel types and climatic regions.
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To explore the smoke emission coefficients of the two regions, the study period
was set as three years from 2016 to 2018 for the CONUS and six years from June 2012 to
June 2018 for Indonesia. The reason for the disparity in time periods used is that although
many qualified fire samples could be obtained from three years of the CONUS fire data,
qualified samples are limited in Indonesia due to more frequent cloud contamination. Since
NASA’s Worldview tool only provides historical MODIS natural color images dating back
to Jun 2012, this was the earliest date we could use. The details of fire sample selection are
described in Section 2.2.6.
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Figure 2-1. Fuel maps of the CONUS (a) and Indonesia (b) derived from MODIS
collection 5.1 MCD12Q1 product in 2013 and the peatland shapefile data. The MCD12Q1
product is merged into five main categories of fuel types: forests, savannas, grasslands,
shrublands, and other fuel types. Gray areas are the peatland areas, and red dots are the
location of selected fire-smoke matchups that are 584 in and around the CONUS and 248
across the islands comprised primarily by Indonesia.
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2.2.2 Corrected reflectance
The MODIS corrected reflectance refers to a simple atmosphere Rayleigh
scattering correction (Rayleigh 1899) but without adjustment for aerosol scattering for
MODIS level-1B top-of-atmosphere reflectance. Therefore, the smoke plumes and
aerosols are clearly visible in the natural-looking images composited from MODIS
corrected reflectances of band 1 (620~670 μm, as red), band 4 (545~565 μm, as green),
and band 3 (459~479 μm, as blue). The corrected reflectance algorithm was developed
specifically to address the needs of the fire monitoring community who want to see smoke,
because the corrected reflectance shows smoke more clearly than the standard surface
reflectance (MOD09). These two reflectance data are very similar in clear atmospheric
conditions but depart from each other in the presence of aerosols because the MOD09
bands have been corrected for all atmospheric conditions, including gasses, aerosols, and
Rayleigh scattering (Rayleigh 1899). In order to identify smoke plumes in this study, we
downloaded the near real-time natural color images derived from MODIS corrected
reflectance

on

Terra

and

Aqua

from

the

NASA

Worldview

website

(https://worldview.earthdata.nasa.gov/). This website tool allows readers to interactively
browse most of the NASA satellite remote sensing products and historical data as well
(including MODIS active fire and AOD products) in a near real-time manner. The spatial
resolution of the corrected reflectance is 250 m, and the temporal resolution is daily.
Although this dataset is not a standard scientific quality product, it can greatly aid the
selection of fire-smoke matchups and the drawing of corresponding vector polygons across
the study areas.
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2.2.3 Fire radiative power
The latest MODIS collection 6 (C6) daily 1-km level-2 active fire products
(MOD14 for Terra and MYD14 for Aqua) from NASA’s Atmosphere Archive and
Distribution System (https://ladsweb.modaps.eosdis.nasa.gov/) were downloaded to
calculate FRE during the time period between Terra and Aqua overpasses. Although there
are four-time observations in total from Terra and Aqua overpasses every day, we only
used the daytime active fire products in this study. The products provide the fire detection
time, fire location (longitude, latitude, sample, and line), the logical criteria used for the
fire selection, detection confidence, FRP, and view zenith angle in each fire pixel (Giglio
et al., 2016). Actively burning fires are detected by exploiting the strong emission of middle
and thermal-infrared radiation from fires at 4 µm and 11 µm bands (Giglio et al., 2003;
Wooster et al., 2003). The MODIS C6 active fire detection algorithm can detect active fires
covering as little as 10-3 to 10-4 of a fire pixel (1 km x 1 km) when fire temperature is 1000
k or higher (Giglio et al., 2003; Giglio et al., 2016), and capture FRP as low as 2.5 MW at
the nadir (Li et al., 2018a). The products also include a fire mask that classifies each pixel
of a five-minute MODIS granule into one of eight categories: not processed, non-fire water,
cloud, non-fire land, unknown, low confidence fire (0%~30%), nominal confidence fire
(30%~80%), and high confidence fire (80%~100%) (Giglio et al., 2016).
We used the daytime fire pixels with all confidence levels in this study because the
low detection confidence level of active fires was indispensable in Indonesia as the
smoldering fires in peatlands were always classified as low confidence due to their lower
burning temperatures (Yin et al., 2016). In addition, due to the MODIS “bow-tie effect”
(adjacent scans overlap each other at off-nadir) (Wolfe et al., 2002), the same fire in the
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off-nadir region may be observed twice or even more times (Peterson et al., 2013; Freeborn
et al., 2014). Therefore, the inter-scan duplicated fire detections were corrected following
the method proposed in a previous study (Li et al., 2018a). The corrected MODIS daytime
FRP is simply referred to as the FRP hereafter.
2.2.4 Aerosol optical depth
The MODIS collection 6.1 (C6.1) daily level-2 aerosol optical depth (AOD)
products

(MOD04_L2

for

Terra

and

MYD04_L2

for

Aqua)

(https://ladsweb.modaps.eosdis.nasa.gov/) at 550 nm were used to derive TPM in the
smoke plumes during Terra and Aqua overpass times. The global synoptic AOD products
are generated by three algorithms. Two separate dark target (DT) algorithms are applied to
retrieve AOD over vegetated and dark-soiled land and over ocean, respectively. A deep
blue (DB) algorithm is designed to retrieve AOD over bright surfaces, like smoke plumes
(Levy et al., 2013). Additionally, a ‘merged’ DT/DB AOD which is created from all these
three algorithms is included in the C6.1 products (Sayer et al., 2014).
We used the AOD output calculated from the DB algorithm because the DB
algorithm works better over the bright whitish/yellowish smoke plume than either the DT
algorithm or the merged DT/DB algorithm (Levy et al., 2013; Sayer et al., 2014). For
example, the spatial coverage of DB AOD over the bright smoke areas is generally much
larger than that of the merged DT/DB AOD, which can be viewed on the NASA Worldview
website. This is because the merged DT/DB AOD product only contains the retrievals from
the DB algorithm for the areas with normalized difference vegetation index (NDVI) ≤ 0.2
(Sayer et al., 2014). Therefore, the DB AOD is assumed to be more suitable to estimate the
smoke TPM released from vegetation fires. Moreover, the DB AOD shows great agreement
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with ground AOD measurements from Aerosol Robotic NETwork (AERONET) (Sayer et
al., 2014). As DB AOD was used in this study, the term AOD hereafter specifically refers
to the daytime DB AOD at 550 nm.
The AOD data was preprocessed to deal with the variation of AOD pixel size with
satellite scan angle and gaps due to contamination of clouds or other sources. In this study,
we resized the AOD maps to 10x10 km2 for each pixel using a nearest sampling method
due to the significant difference of MODIS AOD pixel size from nadir (~10x10 km2) to
swath edge (~45x20 km2). In addition, gaps could occur in the DB AOD data when the
retrieval fails in some heavily-dense smoke areas where smoke is occasionally
misclassified as clouds, cloud-contaminated areas, or snow-covered areas (Sayer et al.,
2013; Ichoku & Ellison 2014; Livingston et al., 2014). Thus, we filled the AOD gaps over
the fire smoke plumes using a moving-window approach based on valid neighbor retrievals
(Figure 2-2), where the fire smoke plumes were selected from the clear-sky areas using
NASA Worldview (Section 2.2.6). For the fire smoke plumes that expanded across two
MODIS swathes along-track (acquisition time difference less than 5 minutes), the
corresponding two AOD images were mosaicked first before performing gap filling. Then,
in a 3 by 3 moving window, the gaps close to the fire cluster (within 20 km buffer) were
filled with the maximum AOD value, among at least five valid neighbor pixels, while the
rest were filled with the average AOD value of at least three valid neighbor pixels. This is
because the gaps near fire sources were mainly caused by the misclassification of extremely
thick plumes as clouds by the AOD retrieval algorithm, while the rest were mainly due to
cloud contamination. After three iterations of applying the moving-window approach to
fill gaps, a few gaps could still remain due to the lack of enough valid neighbor pixels.
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These gaps were finally filled with the medium value of all valid AOD retrievals within
each smoke plume. Fire-smoke matchup samples with gaps greater than 25% of the
matchup polygon area, where gap filling would not work well, were excluded from further
analyses.

Figure 2-2. Illustration of the gap-filled AOD for a fire event (-117.21 ̊ E ~ -114.39 ̊ E and
40.10 ̊ N ~ 42.89 ̊ N) on July 10th, 2017. (a) shows the natural color image composited
from MODIS corrected reflectance of bands 1-4-3, overlaid by the fire cluster (orange dots)
and emitted smoke plume (yellow polygon) contaminated by clouds. (b) displays the
original AOD from Aqua MODIS with white gaps (no data) due to cloud contamination.
(c) presents the gap-filled AOD using the maximum value among valid neighbor pixels for
the gaps close to fires and the average value of valid neighbor pixels for the rest.

2.2.5 Fuel types
The fuel type, which was used for deriving fuel type specific smoke emission
coefficients, was determined based on MODIS 500 m land cover product (MCD12Q1)
(collection 5.1) and the peatland shapefile data. The MODIS land cover product is
produced annually based on a supervised decision-tree classification algorithm (Friedl et
al., 2010). The first data layer of this product depicts the International Geosphere Biosphere
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Programme (IGBP) classification scheme that classifies all the surface types into 17 classes:
11 natural vegetation classes, three human-altered classes, and three non-vegetated classes
with a reported 75% overall classification accuracy (Friedl et al., 2010). We downloaded
the MODIS land cover product in 2013 for this study. We then merged the 17 IGBP classes
into five categories as main fuel types: forests (IGBP classes 1-5), shrublands (IGBP
classes 6 and 7), savannas (IGBP classes 8 and 9), grasslands (IGBP class 10), and others
(IGBP classes 11-16) (Figure 2-1). Although cropland is also a fuel type susceptible to
fires, we did not consider it as an individual fuel type here because of its low FRP intensity
and difficulty in identifying emitted smoke plumes using natural color images.
The peatland shapefile data for Indonesia was obtained from the Global Forest
Watch website (http://data.globalforestwatch.org/datasets/). It is a qualitative presence and
absence product. The peatland areas were delineated using vector polygons in the shapefile
format (Figure 2-1).
2.2.6 Fire-smoke matchup selection
We matched MODIS active fire detections with AOD retrievals to investigate the
smoke emission coefficients. A fire-smoke matchup refers to a fire cluster (i.e., a group of
adjacent fire detections or an isolated fire detection) that had both FRP and emitted smoke
AOD detected from both Terra (~ 10:30 am local time) and Aqua (~1:30 pm local time)
MODIS instruments, with associated smoke plumes clearly visible in natural color images
of both instruments on the same day. To make the selection of the fire-smoke matchup, we
used the NASA Worldview tool. First, we visually checked the spatial patterns of MODIS
active fire detections and MODIS deep blue AOD that were overlaid on the MODIS natural
color images composited from MODIS corrected reflectance data (bands 1-4-3 for red,
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green, and blue) for Terra and Aqua, respectively. A fire cluster and its associated smoke
plume were considered as a potential fire-smoke matchup if the following three criteria
were met: (1) the fire cluster was observed by both Terra and Aqua MODIS with the
corresponding smoke plume contrasted sharply to the non-smoke background area; (2) the
fire-smoke matchup was isolated with other smoke plumes, and was not contaminated by
smoke transporting from other regions during the Terra and Aqua overpasses; and (3) the
fire cluster and its smoke plume were not contaminated by clouds, although very small
fractions of cloud were allowed occasionally in Indonesia due to frequent cloud cover. We
then selected fire-smoke matchups by manually drawing polygons to embrace both Terra
and Aqua smoke plumes, based on Aqua MODIS natural color images, as the visible smoke
plume extent from Aqua is generally larger than that from Terra. Since some thin smoke
around plume boundary areas was usually visually imperceptible in the natural color
images, we expanded each polygon coverage using a 20-km buffer. The selection of this
buffer was because we found that the medium AOD values in 10~20 km buffer were very
close to that in 20~30 km buffer but slightly different from that in 0~10 km buffer of the
selected polygons. Eventually, total selected fire-smoke matchups were 584 in the CONUS
and 248 in Indonesia.
The fire-smoke matchups were further refined using AOD and FRP data. The
selected polygon was removed from the fire-smoke matchups under the following
conditions: (1) if the ratio between the number of gap-filled pixels (Section 2.2.4) and the
total pixels in a polygon was larger than 25%; and (2) if the accumulated AOD from Terra
to Aqua overpasses was negative because the gap-filled AOD could lead to underestimates
or overestimates of the total Aqua and Terra AOD.
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The fuel type was determined for each selected fire-smoke matchup using the
majority fuel type in the fire pixels detected from Terra or Aqua. In particular, the majority
fuel type was obtained by calculating the counts of fire pixels for different fuel types from
Terra and Aqua, respectively, for a given fire event. Comparing the two majority fuel types
of Terra and Aqua fire detections, the fuel type with larger frequency was assigned to the
fire-smoke matchup.
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Figure 2-3. Three matchup examples of active fires and smoke AOD observed from both
Terra (a & c) and Aqua (b & d) satellites on September 1st, 2017 in the region located
between -121.65 ̊ E ~ -118.28 ̊ E and 46.41 ̊ N ~ 49.78 ̊ N. (a) and (b) are active fire cluster
points (blue dots for Terra and orange dots for Aqua) and smoke plumes (delineated in
yellow vector polygons) that are overlaid on the natural color images composited from
Terra and Aqua MODIS corrected reflectance of bands 1-4-3, respectively. (c) and (d) are
the gap-filled AOD from Terra and Aqua, separately.
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2.2.7 Calculation of smoke emission coefficients
The smoke emission coefficient was calculated using the fire-cluster FRE and the
associated smoke-plume TPM from the selected fire-smoke matchups. Specifically, the Ce
value was estimated using the following three steps. First, given that FRP varies almost
linearly during the Terra (~ 10:30 am) and Aqua (~ 1:30 pm) overpasses from the
climatological diurnal FRP patterns for various fuel types (Zhang et al., 2012), we
calculated FRE for each of the selected fire-smoke matchups by temporally integrating the
corrected MODIS FRP using the established trapezoid method (Boschetti & Roy 2009; Li
et al., 2018b):
FRE =

[ FRP (n1 , t1 ) + FRP (n2 , t2 )](t 2 − t1 )
2

(2-1)

where FRE is the fire radiative energy (MJ) for each fire-smoke matchup during Terra and
Aqua overpasses; FRP(n1 , t1 ) is the sum of corrected FRP (MW) from n1 fire pixels at the

t1 (s) time (~ 10:30 am) of Terra overpass, while FRP(n2 , t2 ) is the sum of corrected FRP
(MW) from n2 fire pixels at the t2 (s) time (~ 1:30 pm) of Aqua overpass.
Second, TPM for each smoke plume was calculated from AOD. The AOD values
inside each expanded polygon, determined using the updated version of POLYFILLV
function (Rogers 1986) in the interactive data language (IDL), were summed up to get the
total AOD for the smoke plumes observed by MODIS aboard Terra and Aqua, respectively.
Since each of the selected fire-smoke matchups was spatially isolated from other smoke
plumes and minimal transport of aerosols from other regions between Terra and Aqua
overpasses (~3 hours), we assumed that the background aerosol particles were invariant
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during this short time period. The validity of this assumption has previously been verified
using a three-year time series of MODIS AOD data (Wang et al., 2010). Thus, the excess
smoke AOD ( AOD ) emitted from a fire cluster was calculated using the AOD difference
between Aqua and Terra retrievals:

AOD = AODAqua - AODTerra

(2-2)

where AODAqua and AODTerra are the total AOD (unitless) for each fire-smoke matchup
obtained from Aqua and Terra satellites, respectively.
The excess TPM from Terra and Aqua overpasses is then a function of the excess
AOD, the AOD pixel size, and the mass extinction efficiency as follows:

TPM = A AOD / e
where

(2-3)

TPM is the excess total particulate matter (g); A is the AOD pixel size (m2);

AOD is the excess AOD (unitless) during Terra and Aqua overpasses; and  e is the mass
extinction efficiency (m2/g).
The mass extinction efficiency (βe) is determined using optical properties of smoke
emission particles. It was calculated as βe = βa + βs, where βa is mass absorbing efficiency
and βs is mass scattering efficiency, as determined from published literature (Chin et al.,
2002; Dubovik et al., 2002; Reid et al., 2005b). Reid et al. (2005b) provided a review of
optical properties of biomass burning particles and estimated βa and βs at different smoke
ages (fresh or aged) for dry biomass burning smoke at 550 nm. Although βa and βe could
be different for each individual fire event, Reid et al. (2005) found that βs is 4~4.3 m2/g for
aged (>1 hour) smoke and βa has an overall range of 0.4~0.8 m2/g at 550 nm. In this study,
we used the values of 4.0 m2/g for βs and 0.6 m2/g for βa (making 4.6 m2/g for βe) that were
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also used in the analysis of global smoke aerosol emission coefficients (Ichoku & Ellison
2014).
Finally, we obtained smoke aerosol emission coefficients for different fuel types
based on FRE and TPM estimates in the selected fire-smoke matchups using the linear
ordinary least square (OLS) regression forcing through the origin:

TPM = FRE  Ce
where

(2-4)

TPM is the excess total particulate matter (g); FRE is the fire radiative energy (MJ)

for each fire-smoke matchup during Terra and Aqua overpasses (Equation 2-1); and Ce is
the smoke aerosol emission coefficient (g/MJ).

2.3 Results
2.3.1 Smoke emission coefficients for CONUS
Figure 2-4 shows the relationships between fire-cluster FRE (Equation 2-1) and
corresponding smoke plume TPM (Equation 2-3) during the time period between Terra
and Aqua overpasses in the fire-smoke matchups over the CONUS. After removing
duplicated fire observations (Section 2.2.3) and invalid gap-filled AOD (Sections 2.2.4 and
2.2.6) from 584 initial selected fire-smoke matchups, a total of 237 fire-smoke matchups
were eventually used to build the OLS regressions for estimating Ce values for the
following fuel types: forests, savannas, shrublands, grasslands, and others, separately. In
Figure 2-4, only woody savannas (IGBP class 8) were remained in the savannas samples
(Figure 2-4b), and samples for ‘other’ fuel types are composed of one wetlands and four
croplands/natural vegetation mosaics IGBP classes (Figure 2-4e).
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The FRE and TPM estimates of selected fire-smoke matchup samples are closely
correlated (r2 ≥ 0.63, p < 0.001) in forests, savannas, shrublands, and grasslands fuel types.
In ‘other’ fuel types (Figure 2-4e), however, the number of samples is very limited and the
correlation is relatively poor. This is mainly due to the difficulty and high uncertainty in
identifying cropland smoke plumes from natural color images. The regression slopes as
described in Figure 2-4 provide an estimate of the smoke emission coefficients, which are
21.733 g/MJ, 18.250 g/MJ, 20.907 g/MJ, and 5.025 g/MJ for forests, savannas, grasslands,
and shrublands, respectively. The coefficient is largest in forests, followed by those in
grasslands, savannas, and shrublands. The smaller Ce value in shrublands could be
associated with the frequently sparse fuel loading (e.g. sagebrush, young chaparral)
compared with other three fuel types (i.e., forests, savannas, and grassland) over the
CONUS.
The analysis of spatial pattern shows that samples with high FRE and TPM values
are mainly distributed in the west CONUS (longitude <= -95 ̊) while samples with low
values are characteristic of the east CONUS (longitude > -95 ̊). In addition, samples of
forest fires in the west CONUS are from needleleaf forests while fires in broadleaf and
mixed forests predominate in the southeast CONUS. Therefore, smoke emission
coefficients (Ce) were presented for these two sub-regions separately. Figure 2-5 shows
that FRE and TPM are significantly correlated (r2 ≥ 0.63, p < 0.001) and that Ce is higher
(34.076 g/MJ for forests and 22.811 g/MJ for savannas) in the east than in the west CONUS
(21.277 g/MJ for forests and 18.233 g/MJ for savannas). Note that Ce values for grasslands
and shrublands are not separated for the two sub-regions due to the limited number of
samples available in the east CONUS.
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Figure 2-4. Comparisons between the fire-cluster FRE and the corresponding smoke
plume TPM over the selected fire-smoke matchups for (a) forests, (b) savannas, (c)
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grasslands, (d) shrublands, and I ‘other’ fuel types across the CONUS. The regression
slopes represent the estimated smoke aerosol emission coefficients (Ce).

Figure 2-5. Comparisons between the fire-cluster FRE and the corresponding smoke
plume TPM over the selected fire-smoke matchups for (a) needleleaf forests and (c)
savannas in the west CONUS, and (b) broadleaf and mixed forests and (d) savannas in the
east CONUS. The regression slopes represent the estimated smoke aerosol emission
coefficients (Ce).
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2.3.2 Smoke emission coefficients in Indonesia
Figure 2-6 illustrates a comparison of the fire-cluster FRE and its smoke plume
TPM for peatland and forest fire-smoke matchups in Indonesia. The final samples are the
remains after removing 191 unqualified samples from the initially selected 248 fire-smoke
matchups (Sections 2.2.3, 2.2.4, and 2.2.6) because of the exceedingly cloudy weather in
the tropical climate of Indonesia. The remained samples are mainly occurred during five
months from June to October. The result shows that peatland fires have much higher FRE
smoke emission coefficient (52.432 g/MJ) than that (29.996 g/MJ) of forest fires. Both
regression lines indicate the significant correlation relationship between FRE and TPM (r2
≥ 0.75, p < 0.001), and the obvious Ce difference between forests and peatlands.

Figure 2-6. Comparisons between the fire-cluster FRE and the corresponding smoke
plume TPM over the selected fire-smoke matchups for (a) peatlands and (b) forests across
the Indonesia. The regression slopes represent the estimated smoke aerosol emission
coefficients (Ce).
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2.4 Discussion
This study offers an innovative approach to investigate regional and fuel typedependent smoke aerosol emission coefficients (Ce), which enables to estimate biomassburning emissions directly from fire radiative power. This newly developed approach has
several advantages over previous studies: (1) it overcomes the contamination effects from
neighboring pixel smoke emissions by using the smoke plume region rather than single
pixel-based active fire and aerosol observations (Ichoku & Kaufman 2005; Ichoku &
Ellison 2014); (2) it only uses FRE and its smoke plume TPM in the isolated fire cluster
during Terra and Aqua overpasses, without the need for considering the actual start time
of burning and the use of highly uncertain parameters (such as wind speed and plume height)
as described in previous literature (Ichoku & Ellison 2014; Nikonovas et al., 2017; Mota
& Wooster 2018); and (3) it utilizes fully-synchronous FRE and TPM observations during
a time period of biomass burning to significantly reduce uncertainties relative to the use of
instantaneous FRP and rate of TPM observations (Ichoku & Kaufman 2005; Ichoku &
Ellison 2014). Therefore, the proposed approach can be applied to derive Ce in any region
as long as both Terra and Aqua MODIS active fire and aerosol products are available.
2.4.1 Comparison of forest Ce between the CONUS and Indonesia
Ce in forests varies in different regions as presented in Figures 2-4, 2-5, and 2-6.
Across the CONUS as a whole, Ce estimates are heavily influenced by the samples of large
FRE and TPM fires from the west CONUS. Because of the arid climate, with needleleaf
forests in the west CONUS, and humid subtropical climate, with broadleaf and mixed
forests in the east CONUS (specifically southeast), Ce estimates are different for these two
regions. Forest Ce in the tropical Indonesia (29.996 g/MJ) is close to that in the subtropical
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CONUS (34.076 g/MJ) but higher than that in the arid west CONUS (21.277 g/MJ). The
slightly lower forest Ce in Indonesia than that in the subtropical CONUS likely arises from
the fact that satellite active fire detections may miss some small fires, especially prescribed
fires, in the southeast CONUS which have significant contributions to smoke aerosol
emissions (Huang et al., 2018; Nowell et al., 2018).
The higher Ce in Indonesia than that in the west CONUS is likely associated with
the following three factors. First, fuel moisture of tropical forests in Indonesia is relatively
higher. When the fuel moisture is higher than the optimal moisture content (20%~30%) in
terms of minimizing particulate emissions during combustion, an appreciable amount of
energy is required to vaporize the water, resulting in decreasing combustion efficiency and
increasing smoke particulate emissions (Rogge et al., 1998; Simoneit 2002). Given that
climate and weather changes have a great effect on fuel moisture, the Ce value varies over
space and time. For a specific fuel type, drier climate and weather generally lead to higher
fuel aridity and more complete burning and then lower Ce, and vice versa. Second, the
forest fires mainly occur in evergreen broadleaf forests in Indonesia while the majority
forest fires are observed in evergreen needleleaf forests in the west CONUS. Impacts from
canopy interception on FRP retrieval of understory fires are always much more severe for
the broadleaf forest due to its greater percentage tree cover, leading to FRP underestimation
and smoke emission coefficient overestimation (Roberts et al., 2018). Third, there may
often be a significant component of deforestation fires in Indonesia (van der Werf et al.,
2010). Theoretically, large-diameter live vegetation (trunks) are partially consumed in
smoldering combustion, in contrast to the small-diameter and low-density fuels (such as
grass and leaves) (Heil & Goldammer 2001). Thus, deforestation fires, accompanied with
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large parts of trunk combustion by destructing and removing the whole tree intentionally
for agricultural expansion, could consume larger amounts of fuel and release more smoke
particles than regular wildfires for a given FRP (Kaiser et al., 2012).
2.4.2 Comparison of Ce between forests and peatlands
The peatland Ce (52.432 g/MJ) is obviously higher than that of forests (21.733 g/MJ
in the CONUS and 29.996 g/MJ in Indonesia). This higher peatland Ce has been shown in
findings from previous literature (Kaiser et al., 2012, Hu et al., 2018). First, Ce is a product
of a combustion factor and an emission factor (Seiler & Crutzen 1980; Wooster et al., 2005):

where

TPM = FRE  Fc  EF = FRE  Ce

(2-5)

Ce = Fc  EF

(2-6)

TPM is the emissions of total particulate matter (g); FRE is the fire radiative

energy (MJ); Fc is the combustion factor (kg/MJ); EF is the emission factor (g/kg); and

Ce is the smoke aerosol emission coefficient (g/MJ). For the peat fuel type, the combustion
factor that converts FRE to dry mass combustion is 5.87 kg/MJ and the emission factor that
converts dry mass combustion to TPM emissions is 11.8 g/kg (Christian et al., 2003; Kaiser
et al., 2012). This leads to a large smoke emission coefficient of 69.27 g/MJ, which is
higher than the Ce values of all the other fuel types in this study.
Second, physically, the large smoke emission coefficient is associated to
smoldering occurred in most peatland fires, which slowly burn with less efficiency under
the condition of insufficient oxygen and not high enough temperature to complete
oxidation, then release high concentrations of particulate matters (Chand et al., 2005;
Ichoku & Kaufman 2005; Reid et al., 2005a). Therefore, a fire with a given FRE can emit
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greater TPM while smoldering than that if it was flaming. Relative to flaming fires,
smoldering fires release larger amounts of organic carbon (Hu et al., 2018) that account for
50%~60% of total emissions (Reid et al., 2005a).
Finally, the mass extinction efficiency (βe) is likely to be underestimated for
peatland fires, which leads to larger Ce estimation. Particles from smoldering fires or very
intense and inefficient combustion in peatlands have higher mass scattering efficiency (βs)
(increased by ~ 25%) due to their larger sizes and smaller black carbon contents (Conny &
Slater 2002; Reid et al., 2005b). Although the mass absorbing efficiency (βa) for the emitted
smoke particles from smoldering fires is smaller than that from flaming fires (Reid et al.,
2005b), the βe (βe = βs+ βa) is still larger in smoldering fires than in flaming fires. Thus,
the value of the βe constant that is used in this study could be an underestimate for peatland
fires.
2.4.3 Comparison of Ce with previous published results
The smoke emission coefficients in this study are comparable with previously
published Ce results that were derived from independent top-down approaches (Ichoku &
Ellison 2014; Nikonovas et al., 2017; Mota & Wooster 2018) and inferred from published
combustion factors and emission factors for different regions and fuel types (Christian et
al., 2003; Kaiser et al., 2012) (Table 2-1).
For forests in the CONUS, the Ce value from this study is higher than that (9~12
g/MJ) of North American boreal forests from the Fire Energetics and Emissions Research
(FEER) products that are calculated based on MODIS instantaneous FRP and the rate of
TPM (Ichoku & Ellison 2014). However, it is slightly lower than the values (24~37 g/MJ)
obtained from HYSPLIT model-simulated particulate emissions and MODIS FRP for large
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North American temperate wildfires (Nikonovas et al., 2017). The Ce for grasslands
(20.907 g/MJ) and savannas (18.250 g/MJ) in this study is very close to the range of 16~21
g/MJ derived from FEER (Ichoku & Ellison 2014). The Ce for shrublands in this study is
much lower compared with that (17.36±1.06 g/MJ) obtained from Fire Radiative Energy
Emissions (FREM) in southern Africa (Mota & Wooster 2018), which is likely associated
with the frequently sparse fuel loading of shrublands (e.g. sagebrush, young chaparral) over
the CONUS.
For tropical forests in Indonesia, the Ce in this study is within the range of FEER
estimation (15~32 g/MJ) derived from tropical forest regions (Ichoku & Ellison 2014). The
Ce in tropical forests could vary within a wide range if surface compositions are different.
This has been demonstrated in tropical forests in Southern Africa, where Ce is 19.75±0.49
g/MJ in open forests and 65.63±0.91 g/MJ in closed forests (Mota & Wooster 2018). These
Ce values in Southern Africa are calculated by comparing geostationary satellite FRE and
MODIS TPM that is converted from AOD using βe of 3.5 m2/g (lower than 4.6 m2/g used
in this study) (Mota & Wooster 2018). The larger Ce in forests is associated with much
greater particulate matter emissions per unit fuel than in grassland and savanna fuels (Akagi
et al., 2011; Heil & Goldammer 2001), and probable underestimation of FRP due to the
impacts of forest vertical structure (including the tree canopy interception) on the
upwelling surface-fire emitted FRP (Roberts et al., 2018).
The Ce values for different fuel types (except for peatland) in this study (a top-down
approach) are about 2~3 times of those inferred from emission factors and combustion
factors (Equation 2-6) in the bottom-up based Global Fire Assimilation System version
(GFAS) (Kaiser et al., 2012). This is consistent with the previous conclusion that the top-
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down TPM emission estimates are generally 2~4 times of that from the bottom-up
approaches (Kaiser et al., 2012; Ichoku & Ellison 2014; Mota & Wooster 2018). All these
comparisons further support that the Ce values from this study are acceptable.

Table 2-1. The Ce values (g/MJ) for different regions and fuel types from this study and
previous literature.
Fuel types

This study

HYSPLIT

FEER

FREM

Lab

GFAS

CONUS forests

21.733

24~37

9~12

8.624

Needleleaf forests (west)

21.277

16~21

6.630

Broadleaf & mixed
34.076
forests (east)
CONUS savannas

18.250

Savannas (west)

18.233

Savannas (east)

22.811

CONUS grasslands

20.907

CONUS shrublands

5.025

Indonesia peatlands

52.432

Indonesia forests

29.996

16~21

13.03±0.23

14.4±4.3

17.36±1.06
69.266
15~32

19.75±0.49~65.63±0.91

11.328

Note the references are HYSPLIT (Nikonovas et al., 2017), FEER (Ichoku & Ellison 2014),
FREM (Mota & Wooster 2018), Lab (Freeborn et al., 2008), and GFAS (Kaiser et al., 2012).

The published Ce values from previous literature may not be obtained from the same region
as this study but are from similar fuel type and climate (Section 2.4.3).

2.4.4 Uncertainty sources for Ce estimation
There are several sources of uncertainties in estimating smoke emission coefficients
(Ce) based on FRE and TPM for different fuel types. Firstly, active fires with “low
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confidence” could influence FRE calculation, especially in Indonesia. Including these fire
pixels is due to the fact that the smoldering fires in peatlands are always classified as low
confidence because of their lower burning temperatures (Yin et al., 2016). However, this
does not significantly affect the Ce values because the fraction of “low confidence” fire
detections used in this study is very small, about 4.1% and 7.7% in the CONUS and
Indonesia, respectively. Moreover, the assumption of linear variation of FRP during Terra
and Aqua overpasses could also result in some uncertainties for FRE calculation (Equation
2-1) due to the highly dynamic characteristic of fires.
Second, accurate calculation of TPM from the MODIS deep blue AOD for any
given fire’s smoke plume is challenging. The coarse spatial resolution (10 km) at nadir of
MODIS DB AOD makes it hard to differentiate the smoke plume AOD from the
background AOD on the edge of fire-smoke matchup polygons. This could impact our
calculated values though the effects were minimized in this study by calculating the total
AOD for the entire smoke plume in each fire-smoke matchup. In addition, the AOD filled
values, using the maximum AOD values in neighboring pixels near fire source regions,
could still be underestimated for gaps caused by the extremely thick smoke. Moreover, the
MODIS AOD is very likely being underestimated for Indonesia when extremely large fire
events occurred in 2015 (Shi et al., 2018).
Third, a constant value of the mass extinction efficiency (βe) was used to convert
AOD to TPM in this study. However, this value is determined based on laboratory and
field experiments, which may not be well-suited to regional scale studies (Reid et al., 2005;
Ichoku & Ellison 2014). Also, particles with different sizes, composition, and relative
humidity may absorb and scatter light differently, which potentially affects βe for the
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calculation of smoke aerosol mass from satellite observations (Reid et al., 2005) (Equation
2-3). Besides, βe could vary with the secondary particles from reactions of the smoke
emissions although βe remains relatively constant for the aged (>1 hour) smoke (Reid et
al., 2005). Since the βe variation with smoke particle properties (size, composition, relative
humidity, age, region, fuel type etc.) has not been well understood, further investigation is
still needed (Reid et al., 2005; Ichoku & Ellison 2014; Mota & Wooster 2018).
Fourth, Ce estimates could be influenced by fuel moisture that may vary seasonally
(Section 2.4.1). Because the selected fire-smoke matchups at different seasons for a given
region were limited, seasonal Ce could not be investigated in this study. For example, fires
mainly occurred from January to April in the east CONUS while they burned from June to
September in the west CONUS (Figure 2-5). Therefore, seasonal Ce needs further
investigation.
Fifth, the fuel type assigned for a fire cluster could be a mixture of several different
fuel types instead of a pure type. This is due to three main reasons: (1) the overall accuracy
of MODIS land cover classification is only 75% (Friedl et al., 2010); (2) fuel type in a fire
cluster could vary with fire progression during Terra and Aqua overpasses; and (3) small
fires from trash or other types could be misclassified as the dominant land cover fuel types.
For example, the burning of understory dead leaves could be assigned as the forest fires.
However, the impacts from these small fires (trash fires, understory fires etc.) are negligible
because we tried to select fires large enough (FRE > 106 MJ) to release substantial smoke
plumes that were clearly visible in the natural color images.
Finally, Ce estimation could also be affected by other factors, such as subjectivity
in drawing fire-smoke matchup polygons. However, the aforementioned uncertainties are
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regular issues for all existing top-down approaches in estimating Ce values. The proposed
innovative approach is expected to improve the Ce accuracy further based on the FRP and
AOD products from relatively high spatial resolution observations (from VIIRS aboard
NOAA-20 and Suomi-NPP) and/or high temporal resolution observations (from Advanced
Baseline Imager (ABI) aboard the Geostationary Operational Environmental Satellite-R
(GOES-R) and Advanced Himawari Imager (AHI) aboard Himawari-8 and -9).

2.5 Conclusions
Smoke emission estimation from biomass burning presents considerable challenges,
although great efforts have been exerted on algorithm development for analyzing satellite
observations. In this study, we propose an innovative approach for estimating smoke
emission coefficients (Ce) using MODIS products for different fuel types in the CONUS
and Indonesia. Specifically, we derived Ce values by establishing the relationships between
FRE from MODIS active fire products and TPM from MODIS deep blue AOD products
in the fire-smoke matchups during the period of Terra and Aqua overpasses. Analyzing
satellite perfectly-synchronous FRE and TPM observations has advantages over other
approaches based on instantaneous and dynamic FRP and AOD observations (Pereira et
al., 2009; Ichoku & Ellison 2014). The results show that FRE and TPM are significantly
and linearly correlated, and that Ce values vary with climate regions and fuel types. In
particular, Ce in forests is larger than that in other fuel types (i.e., savannas, grasslands, and
shrublands) over the CONUS; peatland Ce is substantially larger than forest Ce in Indonesia;
and forest Ce in tropical Indonesia is larger than that in the arid or semi-arid west CONUS
but slightly lower than that in the humid subtropical east CONUS. The derived Ce can be
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used to calculate regional to global smoke aerosol emissions throughout a day directly from
FRE from sun-synchronous or geostationary satellites. Combined with emission factors for
various trace gases or conversion factors, Ce-based estimates of smoke aerosol emissions
could also be applied to estimate trace gases emissions and fuel consumption.
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during 2015-2020

The content of this chapter was submitted: Xiaoman Lu, Xiaoyang Zhang, Fangjun
Li and Mark A. Cochrane (2022). “Estimation and Evaluation of Particulate Emissions for
Indonesian Peatland and Non-peatland Fires During 2015-2020”. Remote Sensing of
Environment.

77
Abstract
Smoke aerosol emissions from Indonesian fires frequently cause adverse
environmental consequences across southeast Asia. Satellite observations provide us with
a great opportunity to monitor such emissions at large scales. However, existing satellitebased estimates of Indonesian fire emissions vary considerably in magnitude, differing by
a factor of four. Here, we aim to improve Indonesian fire emissions estimates through
improved calculations of fire radiative energy (FRE: time-integrated fire radiative power
(FRP)) and smoke aerosol emission coefficients (Ce) using multiple new-generation
satellite observations. Specifically, peatland and non-peatland Ce values were derived from
FRP and emission rates of smoke aerosols based on Visible Infrared Imaging Radiometer
Suite (VIIRS) active fire and aerosol products. FRE was calculated from the diurnal FRP
cycle that was reconstructed by fusing cloud-corrected FRP retrievals from the high
temporal-resolution Himawari-8 Advanced Himawari Imager (AHI) with those from high
spatial-resolution VIIRS. Then, fuel type-specific Ce values and fused AHI-VIIRS FRE
were used to produce hourly and daily fire emission data from 2015 to 2020 across
Indonesia. To evaluate AHI-VIIRS estimates, we generated a reference dataset of total
particulate matter (TPM) by computing Moderate Resolution Imaging Spectroradiometer
(MODIS) aerosol observation differences from successive Terra and Aqua satellites
overpasses over a set of manually-selected smoke plumes. AHI-VIIRS-based fire
emissions correlated significantly with the MODIS reference data (r = 0.84; p < 0.001).
The interannual time series analysis of AHI-VIIRS emissions showed extreme variability
(~26 fold), with the greatest amount in 2015 (6.09 Tg) and the least in 2020 (0.23 Tg),
during the study period. Mean annual fire emissions distributed across Indonesia’s islands
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were primarily from Kalimantan (43.8%) and Sumatra (41.7%), followed by Sulawesi
(5.6%), Java (4.5%), and Papua (4.4%). Additionally, contributions of Indonesian fire
emissions from peatland, forest, cropland, and savanna/grass fuel types were 51.4%, 37.8%,
7.0%, and 3.8%, respectively, during the fire season of the strong 2015 El Niño event. The
analysis suggests that the majority of Indonesian fire emissions are very likely associated
with large-scale land use conversion from peatland to agriculture, as well as prolonged
droughts induced by El Niño events.

3.1 Introduction
Indonesia has the largest share of tropical peatland area (47%) and peat carbon
(65%) (Page et al., 2011). Undisturbed peatlands rarely experience fires because peat
deposits lie under primary swamp forests that are typically saturated with water (Miettinen
et al., 2017). Since the 1970s, however, fire has been frequently used as a fast and cheap
tool for large-scale clearance of peat swamp forests to convert peatlands to agricultural
plantations (e.g., oil palm). Simultaneously, extensive drainage canal networks have been
established to lower groundwater levels and promote agricultural development, making
peat soils drier and prone to fire (Konecny et al., 2016, Goldstein et al., 2020, Dadap et al.,
2021, Lu et al., 2021b). In contrast to flaming surface vegetation fires, smoldering peat
fires can burn down through deep organic soil layers and spread across landscapes for
periods of weeks to months, releasing substantial amounts of particulate and gaseous
carbon emissions into the atmosphere (Hu et al., 2018, Wooster et al., 2018, Kiely et al.,
2019, Lu et al., 2021a, Lu et al., 2021b). Due largely to emissions from degraded peatlands,
Indonesia has been the world’s 3rd largest producer of carbon dioxide in some years (e.g.,
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2000), only behind the United States and China, versus being 21st if peatland emissions
were excluded (Silvius et al., 2006, Parker et al., 2008, Hooijer et al., 2012). However, with
low temperatures (~500 K), smoldering peat fires are difficult to be detected from space,
especially over the Indonesian tropics with frequent cloud interferences (Cochrane 2009,
Hu et al., 2018). All these factors make continuous monitoring of Indonesian fire emissions
an urgent but challenging task.
To quantify fire emissions, numerous methods have been proposed, which can be
divided into three basic types: burned area-, inverse model-, and fire radiative power
(FRP)-based approaches. The burned area-based approach is quite intuitive, leading it to
be widely used for estimating fire emissions from local to global scales, especially in
studies a decade ago (Wiedinmyer et al., 2006, Zhang et al., 2008, Reid et al., 2009,
Wiedinmyer et al., 2011). This approach requires estimating biomass consumption based
on multiple inputs including burned area, combustion completeness, and fuel loading.
However, these parameters usually have large degrees of uncertainty. The often-used
satellite burned area products commonly miss small burned areas and their qualities are
sensor dependent (Giglio et al., 2006, Randerson et al., 2012, Chuvieco et al., 2019). For
instance, differences in burned area estimates between Moderate Resolution Imaging
Spectroradiometers (MODIS) and SPOT-5 observations can exceed 90% in Central
Kalimantan, Indonesia (Vetrita et al., 2021). In addition, the quantification of combustion
completeness and fuel loading is also very challenging, particularly in peatlands (Konecny
et al., 2016, Stockwell et al., 2016). Thus, this approach is not optimal for the estimation
of fire emissions in Indonesia.
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As an alternative, the inverse model-based approach circumvents the uncertain
burned area and fuel loading inputs by using satellite observed fire and trace gases or
aerosols (Darmenov and da Silva 2015, Huijnen et al., 2016, Wooster et al., 2018). In the
model-based inversion, the estimated fire emissions are optimized through coupling with
atmospheric chemical transport models (CTM) and simultaneously constrained with
satellite total column observations. However, the derived fire emission estimates still
contain significant uncertainties attributed to systematic errors in the inversion analyses
that involve the configuration of multiple physical, chemical, and meteorological variables
(Tost et al., 2010, Jiang et al., 2013). For instance, using the same inputs, the modelsimulated fire emissions could have a discrepancy as large as 20% globally and 100%
regionally with different parameterization schemes for convection transport (Arellano Jr
and Hess 2006, Jones et al., 2009, Jiang et al., 2013). Most importantly, cloud cover can
affect the atmospheric chemical composition in the modeling processes (Tost et al., 2010,
Ervens 2015), weakening the performance of the inverse model, which is a serious issue in
Indonesia.
The FRP-based approach estimates fire emissions by linking FRP observations with
biomass combustion rates and emission factors (Wooster et al., 2005, Kaiser et al., 2012,
Zhang et al., 2012, Li et al., 2019, Li et al., 2020b) or smoke aerosol emission coefficients
(Ce) (Ichoku and Ellison 2014, Mota and Wooster 2018, Lu et al., 2019, Nguyen and
Wooster 2020). FRP, the instantaneous energy radiated from fires, has proven to be a
promising parameter for estimating fire emission rates in the laboratory (Freeborn et al.,
2008, Ichoku et al., 2008), local fields (Wooster et al., 2005), and landscapes (Li et al.,
2018b). The temporal integration of FRP, termed fire radiative energy (FRE), is capable of
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producing fire emissions accumulated during a period of burning. However, the traditional
quantification of FRE usually omits numerous small/cool fires based on FRP observations
only from polar-orbiting or geostationary satellites due to temporal or spatial sampling
limitations (Kaiser et al., 2012, Zhang et al., 2012, Li et al., 2018a, Wooster et al., 2018).
For example, MODIS has a relatively coarse spatial resolution (~1 km), very wide interorbital gaps (~395 km) in equatorial regions, and limited overpasses daily (Giglio et al.,
2016, Li et al., 2020a). Similarly, the older-generation geostationary satellites, such as
Multifunction Transport Satellite-2 (MTSAT-2 or Himawari-7) with a spatial resolution of
4 km at nadir, are unable to observe small/cool fires, despite having fine temporal
resolutions (e.g., 30 min for MTSAT-2). Further, biomass combustion rates are poorly
known for smoldering peat fires although they have been well quantified for flaming
vegetation fires (0.368 kg/MJ) (Wooster et al., 2005). Moreover, emission factors have
often been obtained from limited laboratory or local measurements with high uncertainties
(Andreae 2019). Instead, smoke aerosol emission coefficients (Ce) provide a method for
directly deriving fire particulate emissions, bypassing the need of biomass combustion
rates and emission factors, and have been shown to provide promising associations between
FRP and fire emissions estimates at different spatial coverage from laboratory (Ichoku et
al., 2008) and regional (Lu et al., 2019, Nguyen and Wooster 2020) to global scales (Ichoku
and Ellison 2014). However, current Ce values derived from MODIS active fire and aerosol
products are of relatively lower quality for the dynamic landscapes of Indonesia than most
other regions (Ichoku and Ellison, 2014) and should be updated to account for the rapid
land-use and cover changes across Indonesia (Miettinen et al., 2016, Lu et al., 2021b).
Arising from inherent uncertainties in previous parameters and approaches, existing
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estimates of Indonesia’s fire particulate emissions differ greatly, by factors of up to four
(Ichoku and Ellison 2014, Liu et al., 2020), and their accuracies are unquantified.
The recent emergence of new generation polar-orbiting and geostationary satellites
offers us a great opportunity to improve the estimation of Indonesian fire particulate
emissions. Visible Infrared Imaging Radiometer Suite (VIIRS), onboard the Suomi
National Polar-orbiting Partnership (SNPP) satellite, provides an operational active fire
product at an unprecedented spatial resolution of 375 m at nadir and daily wall-to-wall
coverage (without swath gaps over the tropics). Advanced Himawari Imager (AHI) on
Himawari-8 observes fires at 2-km pixels every 10 min. Using VIIRS and AHI sensors
data, this study enhances parameterizations of the Ce and FRP-based approach for
quantifying fire particulate emissions from 2015 to 2020 across Indonesia. The specific
algorithm includes the following steps. First, the fuel type-specific Ce values were derived
from FRP in the VIIRS active fire product and smoke aerosols from the VIIRS aerosol
optical depth (AOD) product. Second, FRE was calculated from the diurnal FRP cycle that
was reconstructed by fusing the FRP retrievals from high temporal-resolution Himawari-8
AHI and high spatial-resolution SNPP VIIRS. Third, the Ce values and fused AHI-VIIRS
FRE were applied to produce Indonesian fire particulate emissions product from 2015 to
2020, which was named Fused AHI-VIIRS based Emissions (FAVE). For evaluation, this
study generated an independent reference dataset of total particulate matter based on
MODIS aerosol products which provide fire smoke aerosol accumulations during a period
of burning between successive overpasses of Terra and Aqua satellites. After being
evaluated against the reference data, the FAVE was further used for analyzing the
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Indonesian fire particulate emissions with a special focus on time-series variations, spatial
distributions, and fuel type contributions.

3.2 Study area and datasets
3.2.1 Study area
We categorized Indonesian islands into five groups: Sumatra, Kalimantan,
Sulawesi, Papua, and Java (Figure 3-1). Indonesian peatlands are mainly located in the
coastal and sub-coastal lowlands, among which 43% is from Sumatra, 32% from
Kalimantan, and 25% from Papua (Ritung et al., 2011). These peatlands are dome-shaped,
with a maximum thickness of up to 20 m (Page et al., 2002). Due to human activities,
particularly large-scale deforestation and drainage for agricultural development, a majority
of natural peat domes have become degraded and large parts are increasingly vulnerable to
fires (Goldstein et al., 2020). During 2001-2018, there was a loss of 8 Mha of primary
forest cover in Sumatra and Kalimantan, of which 32.5% occurred in peatlands, despite the
area of peatlands comprising only 10.8% of the total land area (Page et al., 2011, Nikonovas
et al., 2020). Additionally, annual loss rates increased continuously in peatlands while
staying relatively constant in non-peatlands over 2000-2012 (Field et al., 2009, Margono
et al., 2014, Nikonovas et al., 2020). Because human settlements and agricultural
plantations in peatlands have been ongoing since the 1970s in Sumatra, 1990s in
Kalimantan, and 2010s in Papua (Murdiyarso et al., 2019), primary forest loss has been
most intensive in Sumatra, followed by Kalimantan and Papua (Margono et al., 2014). This
has resulted in near-exhaustion of primary forests in Sumatra, an earlier phase of forest
conversion in Kalimantan, and a more nascent stage of forest exploitation in Papua. Large-
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scale forest conversion to plantations, although during different time frames across these
islands, has been the main cause of vegetation-clearing fires, with concomitant drainage
exposing peat soils to burning (Miettinen et al., 2017, Lu et al., 2021b).

Figure 3-1. Fuel map of the study area over Indonesia. Indonesia islands are categorized
into five groups: Sumatra, Kalimantan, Sulawesi, Papua, and Java. Red dots are the
centroid locations of selected smoke plume samples for fire emissions estimates evaluation.
Two regions of interest (ROIs; size: 0.6°×0.6°), indicated by black squares in Sumatra and
Sulawesi, are used for presenting peatland and non-peatland FRP fusion results separately
in Section 3.4.2.

3.2.2 Datasets
3.2.2.1 Active fire
Active fire (AF) products from AHI and VIIRS were used in this study. The AHI
instrument, onboard a Japanese geostationary satellite (Himawari-8) positioned at 104° E
above the equator, has observed fires across East and Southeast Asia and Australia every
10 min since July 2015 (Bessho et al., 2016). The Japan Aerospace Exploration Agency’s
P-Tree system releases two versions of AHI fire detections at a spatial resolution of 0.02°
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(~2 km), including the beta version and version 1.0 (JAXA 2020). The beta version
provides each fire detection with the observation time, geolocation, and brightness
temperature in the fire pixel and ambient background pixel at 4- and 11-µm. In contrast,
the version 1.0 adds information of pixel area and FRP and reduces false alarms, such as
those related to cloud edges and coastlines, but it does not provide view angle and
brightness temperature information. FRP in version 1.0 is calculated using a bi-spectral
method (Giglio and Kendall 2001) based on radiance at 4- and 2.3-μm bands. However, it
is typically challenging for the 2.3-μm band to characterize non-fire background due to its
high sensitivity to non-fire hot surfaces (Giglio et al., 2008). Therefore, we calculated new
FRP values for the version-1.0 fire detections using a commonly used Mid-Infrared
Radiance method (Wooster et al., 2003) based on the radiances at 4-µm from the beta
version.
The first VIIRS sensor was launched on 28 October 2011 onboard the SNPP
satellite that crosses the equator at 1:30 am and 1:30 pm (local solar time). The VIIRS
sensor has 22 channels ranging from 0.41 to 12.01 µm, among which five are highresolution bands (I-bands; 375 m) and sixteen are moderate-resolution bands (M-bands;
750 m). Based on the thermal infrared I-bands and M-bands at 4- and 11-µm, VIIRS active
fire products are produced at 750-m and 375-m spatial resolutions, respectively (Csiszar et
al., 2014, Schroeder et al., 2014). Both products provide fire detection time, geolocation,
FRP, and a fire mask that is a two-dimension image classification layer consisting of fire,
cloud, water, land, and other pixels. Because the I-band has a much finer spatial resolution
than the M-band, the I-band is able to detect relatively small and/or cool fires (e.g.,
smoldering fires in Indonesian peatlands) relative to the M-band. However, the 4-μm I-
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band has a much lower saturation temperature (~363 k) than the M-band (~634 k), which
results in frequent saturation over intense fires. Thus, the I-band FRP is retrieved using the
co-located 4-μm radiances from the M-band (Schroeder et al., 2014). Since the VIIRS
program is operated jointly by the National Aeronautics and Space Administration (NASA)
and National Oceanic and Atmospheric Administration (NOAA), both agencies offer
VIIRS active fire products that are derived from the same algorithm but with different
spatial dimensions (column and row) and time periods. To fuse with AHI active fire data,
we downloaded SNPP VIIRS 375-m active fire product from NASA for the period from
July 2015 to December 2020. To derive Ce using VIIRS FRP and AOD that is only
available at a spatial resolution of 750 m since July 2017 (Section 3.2.2.2), we also acquired
SNPP VIIRS 750-m active fire product from NOAA during July 2017 and December 2020.
3.2.2.2 Aerosol optical depth
We obtained NASA Terra and Aqua MODIS collection 6.1 level-2 10-km AOD
and NOAA SNPP VIIRS level-2 750-m AOD products at 550 nm (Zhang et al., 2016, Wei
et al., 2019). AOD is provided in the daytime at ~10:30 am for Terra and ~1:30 pm for
Aqua and SNPP. AOD could be theoretically retrieved by making use of reflectance
measurements at different wavelengths with varied contrast between surface and
atmospheric features under different situations (Levy et al., 2013, Zhang et al., 2016).
Hence, MODIS and VIIRS both retrieve AOD over dark and bright land surfaces using a
deep blue algorithm by matching predefined surface reflectance ratios (e.g., 0.415 µm /
0.673 µm) to ones obtained from satellite-observed top-of-atmosphere reflectance. In this
study, a set of MODIS AOD samples over smoke plumes (Figure 3-1) was collected to
generate an independent reference for evaluating fire emissions estimates (Section 3.3.3).
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The VIIRS AOD with best estimates were collected to match with 750-m VIIRS AF for
deriving smoke aerosol emission coefficients (Section 3.3.1).
3.2.2.3 Auxiliary datasets
We also used a set of auxiliary data (Table 3-1). The Indonesian Ministry of
Agriculture peatland map was used to categorize Indonesian fuel types into peatland and
non-peatland classes (Ritung et al., 2011). The VIIRS surface type product, which has 17
International Geosphere-Biosphere Programme (IGBP) surface types, was utilized to
further classify non-peatland into three groups: forest (IGBP: 1-5), cropland (IGBP: 1114), and savanna/grass (IGBP: 6-10; Figure 3-1) (Huang et al., 2020). Note that the forest
fuel type is dominated by tropical evergreen broadleaf forests, and the cropland fuel type
is mainly composed of perennial woody crops (e.g., oil palm and pulp plantations), while
savanna and grass were grouped together to keep consistent with previous studies (Andreae
and Merlet 2001, Andreae 2019). The hourly ECMWF Reanalysis v5 (ERA5) wind vector
at 925 mb (~750 m above mean sea level) was collected for Ce derivation (Section 3.3.1)
because

mean

smoke

plume

heights,

estimated

from

Multi-angle

Imaging

SpectroRadiometer (MISR), were approximately 750 m in Sumatra and Kalimantan (Tosca
et al., 2011). In addition, the VIIRS 375-m geolocation data were obtained for locating
cloudy and non-cloudy pixels in the 375-m VIIRS fire mask product to aid in cloud
corrections for VIIRS FRP values. Analogously, the AHI 0.05° cloud property product was
collected to conduct cloud corrections for AHI FRP values.
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Table 3-1. Descriptions of the datasets used in this study.

Dataset

Spatial
Resolution

Temporal
Resolution

Purpose

Peatland map

1:250,000

Constant since 2012

Fuel type

VIIRS surface type

1 km

Yearly

categorization

SNPP VIIRS AF

750 m

Daily

SNPP VIIRS AOD

750 m

Daily

ERA5 wind vector

0.05°

Hourly

SNPP VIIRS AF

375 m

Twice daily

Ce derivation

FRP fusion
AHI AF

0.02°

10 min

SNPP VIIRS fire mask

375 m

Twice daily

SNPP VIIRS geolocation

375 m

Twice daily

AHI cloud property

0.05°

10 min

10 km

Twice daily

Terra and Aqua

Cloud correction

Evaluation of fire

MODIS AOD

particulate emissions

3.3 Methods
3.3.1 Derivation of fire smoke aerosol emission coefficients (Ce)
This study calculated Ce values using the relationship between FRP and
corresponding emission rates of smoke aerosols. This calculation followed the algorithm
that was developed using 1-km MODIS FRP and 10-km MODIS AOD products (Ichoku
and Kaufman 2005, Ichoku and Ellison 2014). Briefly, this algorithm computes the
emission rate of smoke aerosols from the mass of smoke aerosol emissions and the time
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needed to emit such emissions in a 3×3 pixel window. The mass of smoke aerosol
emissions is estimated from the excess AOD caused by smoke aerosols (i.e., the difference
between total AOD in downwind pixels and background AOD in upwind pixels of fires),
mass extinction efficiency, and pixel size. The time to emit such emissions is calculated
from wind speed and smoke plume length in the plume transport direction.
Based on the Ce derivation algorithm (Ichoku and Kaufman 2005, Ichoku and
Ellison 2014), this study calculated Ce with several updates. First, the new-generation
datasets including VIIRS 750-m FRP and AOD, and hourly ERA5 wind vector at 750 m
were used. Second, the background AOD was the minimum value rather than the mean
value of valid AOD in the area upwind of fires, because aerosols in upwind pixels were
susceptible to neighboring fires at the relatively fine spatial resolution (750 m) of VIIRS
AOD. Third, the smoke plume length was defined as the distance from center of a 3×3
pixel window to window edge in the wind direction. Finally, the fuel type-specific Ce
values were derived for peatland, forest, cropland, as well as savanna and grassland
separately. Because the 750-m VIIRS AOD is only available from July 2017 and limited
fires occur over non-fire seasons, Ce derivation was based on data during fire seasons from
2017 to 2020.
3.3.2 Calculation of fire radiative energy and particulate emissions
FRE was integrated from the diurnal FRP cycles reconstructed by fusing 10-min
AHI FRP and 375-m VIIRS FRP. First, to deal with obscurations caused by frequent cloud
occurrences in Indonesia, we performed cloud corrections for VIIRS FRP and AHI FRP
separately. Cloud contamination is usually corrected by assuming that burning conditions
are the same in clear-sky and cloudy areas in a given grid (Kaiser et al., 2012, Zhang et al.,
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2020). However, this assumption tends to overestimate FRP after cloud correction when
the cloud proportion is high in the grid (Giglio 2007), which is common over the tropics.
Therefore, this study assumed that the cloud corrected FRP in a given grid of 0.1° was a
function of observed FRP, total clear-sky area, and total cloudy area:
𝐹𝑅𝑃𝑐𝑐𝑛 =

𝐹𝑅𝑃𝑛
× (𝐴𝑛 + 𝐵𝑛 )
𝐴𝑛 +  × 𝐵𝑛 × 𝐵𝑛 /(𝐴𝑛 + 𝐵𝑛 )
𝐴𝑛 = ∑
𝐵𝑛 = ∑

𝑚∊𝑛

𝑚∊𝑛

(3-1)

𝐴𝑚

(3-2)

𝐵𝑚

(3-3)

where FRPccn is the cloud corrected FRP in a grid (n); FRPn is the raw FRP under clearsky area in a grid; An and Bn are total clear-sky area and total cloudy area in a grid,
respectively; Am and Bm are clear-sky area and cloudy area in native-resolution pixels (m),
respectively;  is a coefficient that is set as 0.25 based on a set of tests.
It is noteworthy that the daytime AHI FRP cloud correction was based on an AHI
cloud property product that was available only for daytime. The cloud corrections for
VIIRS FRP and nighttime AHI FRP were based on aggregated clear-sky and cloudy areas
using VIIRS 375-m fire mask and geolocation data. Besides, if the total clear-sky area was
less than 5% of the grid area, no cloud corrections were made because fire detections under
such conditions were unlikely to represent burning conditions in the whole grid. Further,
we aggregated the cloud-corrected VIIRS FRP and AHI FRP separately in 0.1° grids.
Second, we adjusted the cloud-corrected diurnal AHI FRP against the cloudcorrected VIIRS FRP because the coarse spatial resolution of AHI (0.02°) could miss small
and cool fires. The adjustment was performed for each gridded AHI FRP in 0.1° grid
relying on time-variant adjustment factors. By assuming that the underestimation of AHI
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FRP is proportional to the magnitude of AHI FRP (Li et al., 2021), the adjustment factors
at VIIRS overpasses were derived from the difference between co-located and
contemporaneous VIIRS FRP and AHI FRP relative to the AHI FRP (i.e., (VIIRS FRP –
AHI FRP) / AHI FRP). Note that the contemporaneous FRP was defined as that observed
by both VIIRS and AHI within five minutes. On this basis, adjustment factors at any 10min AHI observation time were obtained through linear interpolation from two nearest
adjustment factors at two consecutive VIIRS observation times. If VIIRS fire observation
was only available at one single time during a day, the corresponding adjustment factor
was used for adjusting AHI FRP on that day.
Third, we reconstructed the fused FRP diurnal cycle from the cloud-corrected
VIIRS FRP and adjusted AHI FRP at 0.1° grids. The cloud-corrected VIIRS FRP was
selected when VIIRS FRP was available, whereas the adjusted AHI FRP was used when
VIIRS FRP was not available (Li et al., 2019, Li et al., 2021):
𝑉
𝐹
𝐴
𝐹𝑅𝑃𝑐𝑐𝑡
= 𝜔1 × ̅̅̅̅̅̅̅̅
𝐹𝑅𝑃𝑐𝑐𝑡
+ 𝜔2 × 𝐹𝑅𝑃𝑐𝑐𝑡

(3-4)

𝑉
𝐹
𝐴
where 𝐹𝑅𝑃𝑐𝑐𝑡
is the fused FRP at time 𝑡; ̅̅̅̅̅̅̅̅
𝐹𝑅𝑃𝑐𝑐𝑡
is the adjusted AHI FRP at time 𝑡; 𝐹𝑅𝑃𝑐𝑐𝑡

is the cloud-corrected VIIRS FRP at time 𝑡; 𝜔1 and 𝜔2 are fusing weights. When VIIRS
FRP is available, 𝜔1 = 0 and 𝜔2 = 1; and if only AHI FRP is available, 𝜔1 = 1 and 𝜔2 =
0.
For each fused FRP diurnal cycle, the temporal gaps caused by clouds, dense smoke,
or forest canopies were filled by interpolating the temporally-adjacent valid fused FRP
values. For grids with only one fire observation during a day, typically for small and cool
fires observed only by VIIRS, the fire event was assumed to have a two-hour fire duration
from one hour before the observation time to one hour after the observation time.
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Subsequently, FRE was calculated by temporally integrating the fused FRP diurnal
cycle at a high spatiotemporal resolution:
𝑡2

𝐹
𝐹𝑅𝐸 = ∫ 𝐹𝑅𝑃𝑐𝑐𝑡
𝑑𝑡

(3-5)

𝑡1

in which 𝑡1 and 𝑡2 are the start and end times of the reconstructed FRP diurnal cycle during
a given period of biomass burning.
Finally, the total particulate matter (TPM) of fire particulate emissions at 0.1° grids,
named FAVE, was estimated based on the fused FRE and the fuel type-specific Ce values:
𝑇𝑃𝑀𝐹𝑅𝐸 = 𝐹𝑅𝐸 × 𝐶𝑒

(3-6)

3.3.3 Evaluation of fire particulate emissions
The accuracy of fire particulate emissions in FAVE was quantitatively evaluated
using the referenced TPM derived from MODIS AOD over selected smoke plumes during
Terra and Aqua overpasses. This evaluation approach was based on the hypothesis that the
excess AOD during a given period was contributed from all the active fire particulate
emissions within the smoke plume-covered region where no other aerosol sources existed
(Figure 3-2). Based on natural color images from Terra and Aqua MODIS, therefore, we
manually selected a set of fire smoke plumes that: (1) were observed by both Terra and
Aqua MODIS; (2) had a visually interpretable plume boundary contrasting sharply with
the non-smoke background area; (3) were isolated from other smoke plumes and aerosol
sources; and (4) were not contaminated by clouds and ocean areas, although a small
proportion of clouds was allowed due to frequent cloud occurrences in the tropics. Based
on these criteria, we initially selected 185 fire smoke plumes across Indonesia during 20152020 (Figure 3-1). Then, some of these fire smoke plumes were filtered out based on
MODIS AOD if they matched the following conditions: (1) the ratio of gap pixels to total
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pixels within smoke plume polygon was larger than 10% and (2) the accumulated AOD
from Terra to Aqua overpasses was negative. Finally, 65 fire smoke plume samples
remained. After the small quantity of AOD gaps within a smoke plume was filled with the
inverse distance weighted interpolation based on valid AOD in the plume polygon, we
calculated the AOD-based TPM (𝑇𝑃𝑀𝐴𝑂𝐷 ) for each fire smoke plume:
𝑇𝑃𝑀𝐴𝑂𝐷 = ∑

𝑖∊𝑛

𝐴𝑂𝐷𝑖𝐴𝑞𝑢𝑎 ×

𝐴𝑖
𝐴𝑖
− ∑ 𝐴𝑂𝐷𝑖𝑇𝑒𝑟𝑟𝑎 ×
𝛽𝑒
𝛽𝑒
𝑖∊𝑛

(3-7)

where n is the total number of AOD pixels within each smoke plume polygon; i is
ith pixel within the plume polygon; A is the pixel size (m2) of MODIS AOD; 𝛽𝑒 is the mass
extinction efficiency (4.6 m2/g) (Ichoku and Kaufman 2005, Ichoku and Ellison 2014).
3.3.4 Analyses of fire particulate emissions
We analyzed the time series, spatial distribution, and fuel type contributions of fire
particulate emissions across Indonesia. Firstly, we examined the daily time series of fire
particulate emissions for the entirety of Indonesia from July 2015 to December 2020, and
then the interannual contributions of seasonal fire particulate emissions from each island
group. Second, we analyzed the spatial patterns of both mean annual fire particulate
emissions during fire seasons from 2015 to 2020 and monthly fire particulate emissions in
October 2015 (during the extreme El Niño event) at 0.1° grids over Indonesia. Finally, we
calculated the contributions of fire particulate emissions from four fuel types during the
study period. Note that only fire particulate emissions during fire seasons, instead of the
whole year, were used when comparisons were made among years because AHI active fire
data were available only half a year (July – December) in 2015.
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Figure 3-2. A fire smoke plume sample observed by Terra (a and c) and Aqua (b and d)
MODIS on 1 July 2015. (a) and (b) are active fire hotspots (blue dots for Terra and orange
dots for Aqua) and smoke plumes that are overlaid on Terra and Aqua MODIS natural
color images. (c) and (d) are the corresponding MODIS AOD from Terra and Aqua. Grey
pixels in the AOD maps have no data.

3.4 Results
3.4.1 Smoke aerosol emission coefficients
Figure 3-3 shows the relationships between daytime total emission rates of smoke
aerosols and daytime total FRP for four fuel types during the Indonesian fire seasons. The
smoke emission rate and FRP in these samples, mainly obtained in the peak dry months
from August to October, were significantly correlated for all four fuel types (r >= 0.91, p
< 0.001). Despite the FRP values of samples from peatlands being smaller than those from
the three non-peatland fuel type classes, the regression slopes show that Ce in peatland
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(22.60 ± 1.01 g/MJ), was generally larger than forest (18.51 ± 0.29 g/MJ), cropland (16.84
± 0.36 g/MJ), as well as savanna and grass (14.34 ± 0.26 g/MJ).

Figure 3-3. Scatterplot between daytime total emission rates of smoke aerosols (Rtsa) and
daytime total FRP (RtFRP) derived from 750-m VIIRS aerosol and active fire products
during the 2017-2020 Indonesian fire seasons. The slope of linear regression presents the
estimated Ce, and the shaded area is the 95% confidence interval. ‘r’ denotes the Pearson
correlation coefficient.
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3.4.2 Fire radiative power enhancements
The FRP fusion results are illustrated for peatland and non-peatland separately in
the regions of interest (ROIs; Figure 3-1) that contain fire clusters burning continuously
for several days. Figure 3-4 presents diurnal variations of raw AHI FRP, cloud-corrected
AHI FRP, cloud-corrected VIIRS FRP, and fused AHI-VIIRS FRP in the peatland ROI
during 6 days in September 2019, and in the non-peatland ROI dominated by forest fuels
during 6 days in October 2015, respectively. Raw AHI FRP was derived directly from AHIobserved radiance at the 4-µm thermal channel, without any calibration. For the diurnal
variation of raw AHI FRP in peatland, there was a higher peak at ~4:00 pm and a secondary
peak at ~10:00 am, whereas a dip appeared between 11:00 am and 3:00 pm (Figure 3-4a).
However, at ~1:30 pm within this dip range, VIIRS observed notably large FRP values
every Julian day from 250 to 256 in 2019, as high as 2×104 MW in the small peatland ROI.
The AHI FRP values increased after cloud correction, but they were still smaller than the
cloud-corrected VIIRS FRP. Thus, the cloud-corrected AHI FRP was further calibrated
against the cloud-corrected VIIRS FRP, with the underestimation in the AHI FRP adjusted,
especially over the dip range (11:00 am – 3:00 pm). For non-peatland, the fused FRP was
also generally larger than both the raw AHI FRP and cloud-corrected AHI FRP, but all of
the diurnal variations exhibited a good bell-shaped curve with a single peak at ~1:00 pm
and a low-value range from 8:00 pm to 8:00 am (Figure 3-4b). Overall, the reconstructed
diurnal FRP values increased relative to raw AHI FRP and cloud-corrected AHI FRP
observations in a 10-min bin, and they aligned very well with contemporaneous VIIRS
cloud-corrected FRP in both peatland and non-peatland.
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Figure 3-4. Diurnal variations in raw AHI FRP, cloud-corrected AHI FRP, cloud-corrected
VIIRS FRP, and fused FRP in the peatland (a) and non-peatland (b) regions of interest
(ROIs in Figure 3-1). Peatland and non-peatland fire samples were obtained from the 2019
and 2015 fire seasons, respectively. Raw AHI FRP, cloud-corrected AHI FRP, and fused
FRP are the total FRP aggregated from corresponding gridded FRP within ROI at the AHI
observing time (every 10 min). Cloud-corrected VIIRS FRP is the total FRP aggregated
from gridded cloud-corrected VIIRS FRP within ROI at the VIIRS overpass time.
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Figure 3-5 presents the comparisons among daily summations of raw AHI FRP,
cloud-corrected AHI FRP, adjusted FRP, and fused FRP from July 2015 to December 2020.
Compared with raw AHI FRP, the cloud-corrected FRP increased by 33% (Figure 3-5a).
This compensated for the underestimation of raw AHI FRP caused by cloud interferences.
The adjusted FRP against VIIRS observations increased by an additional 27%, totaling 60%
larger than raw AHI FRP (Figure 3-5b). This suggests that AHI missed detections of some
small and cool fires at 0.1° grids. Fused FRP increased another 5% from adjusted FRP, 65%
from raw AHI FRP (Figure 3-5c), indicating it made up the FRP for very small fires in a
0.1° grid where only VIIRS detected these fires, but not AHI.

Figure 3-5. Comparisons between daily summations of raw AHI FRP and cloud-corrected
AHI FRP (a), adjusted FRP (b), and fused FRP (c) during July 2015 and December 2020.
Note that solid line is the regression line and dashed line is the one-to-one line.

3.4.3 Evaluation of fire particulate emissions
Figure 3-6 displays the total particulate matter (TPM) of fire emissions from FAVE
estimates against MODIS AOD-based TPM in four fuel types. The scatter plot illustrates
that FAVE TPM was strongly and significantly correlated with MODIS AOD-based TPM
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(r = 0.84; p < 0.001). The samples for the fuel types of peatland, forest, savanna and grass
were generally distributed along the one-to-one line except for a few relatively small forest
fires. This pattern suggests there was no large bias between the FAVE and AOD-based
TPM. For the cropland fuel type, conversely, the sample points were a bit more scattered
away from the 1:1 line.

Figure 3-6. Evaluation of the FAVE total particulate matter (TPMFRE) against MODIS
AOD-based TPM (TPMAOD) over selected fire smoke plume samples during Terra and
Aqua overpasses.

3.4.4 Analyses of fire particulate emissions
3.4.4.1 Time series of fire particulate emissions
Figure 3-7 depicts the time series of daily TPM from July 2015 to December 2020
across Indonesia. It revealed two fire emissions peaks during a year, where the larger peak
occurred between August and October and a very small secondary peak appeared around
March. Within the 6-year study period, Indonesian fire emissions experienced large
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interannual variations, with each year from 2015 to 2020 accounting for 54.5%, 3.5%, 2.5%,
9.8%, 27.7%, 2.0% of total seasonal fire emissions across Indonesia. The largest (6.09 Tg)
and smallest (0.23 Tg) seasonal fire emissions occurred in 2015 and 2020, respectively,
with the former as much as 26 times higher than the latter. An extremely large emission
value (0.26 Tg) was observed on 20 October 2015, a day which had a significant proportion
(73%) of peatland burning. It is noteworthy that a majority of fire emissions in Indonesia
were emitted from Kalimantan (e.g., 60% in 2018; 52% in 2016) and Sumatra (e.g., 48%
in 2015; 41% in 2019), whereas total fire emissions from the other three island groups
contributed as less as 11% in 2019. Moreover, the contributions of fire emissions from
specific islands varied considerably over different years. For example, the relative
contribution from Sumatra varied from 48% in 2015 to only 13% in 2020.

Figure 3-7. Daily total particulate matter (TPM) of fire emissions across Indonesia
between July 2015 and December 2020. Gray shaded bars present main fire seasons in each
year, and the above numbers are proportions of annual seasonal fire emissions to total
seasonal fire emissions of the 6-year study period. The middle stacked bar plot shows
contributions of Indonesian total fire emissions from each island in each year.
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3.4.4.2 Spatial distribution of fire particulate emissions
Figure 3-8a shows the spatial distribution of mean annual TPM emitted from fires
for the 2015-2020 fire seasons at 0.1° grid cells across Indonesia. Annual biomass burning
released on average 1.87 Tg over Indonesia during the fire seasons of these six years. Most
high-density fire emissions were located in southeastern Sumatra, central Kalimantan, and
southern Papua. The contribution to Indonesia's mean annual fire emissions was 43.8%,
41.7%, 5.6%, 4.5%, and 4.4% from Kalimantan, Sumatra, Sulawesi, Java, and Papua,
respectively. A few extremely large fire emissions occurred in the peatland areas of
Sumatra and Kalimantan that were marked with green lines on the map (Figure 3-8a and
b), with the maximum mean value of 3.07×107 kg/year in Sumatra and 0.83×107 kg/year
in Kalimantan at 0.1° grids. The total mean annual fire emissions contribution from
peatland areas was 45.6% in Indonesia.
Figure 3-8b provides the spatial pattern of TPM in fire emissions during October
2015, the month with the highest fire emissions over the study period. During this single
month, total fire emissions across Indonesia (2.52 Tg) were 1.35 times as much as the mean
annual 5-month fire season (1.87 Tg; July-November). In this month, fires occurred across
most regions of Indonesia but the spatial patterns of fire emissions indicate they were
predominantly from Sumatra (52.2%) and Kalimantan (32.1%), followed by Sulawesi
(6.9%), Papua (6.6%), and Java (2.2%). The majority of the largest fire emissions were
located in peatland areas, where fire emissions at the grid level could be as high as 1.59×108
kg/month, which exceeded the maximum grid value (3.07×107 kg/year) of the mean annual
fire emissions map (Figure 3-8a). For the three islands with peatlands, fire emissions in
peatland areas contributed 86.4% (1.14 Tg), 48.6% (0.39 Tg), and 11.7% (0.02 Tg) to total
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fire emissions in Sumatra, Kalimantan, and Papua, respectively. Across Indonesia as a
whole, 61.5% (1.55 Tg) of fire emissions were from peatland fires during October 2015.

Figure 3-8. Spatial patterns of the mean annual total particulate matter (TPM) from fire
emissions during fire seasons from 2015 to 2020 (a) and monthly TPM from fire emissions
during October 2015 (b) at 0.1° grids across Indonesia. Grid areas marked with green lines
represent peatland areas.
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3.4.4.3 Contributions of fire particulate emissions from different fuel types
Figure 3-9 shows the monthly contributions from different fuel types to the TPM
of fire emissions in Indonesia as a whole and its component islands between July 2015 and
December 2020. Statistically, the mean contribution from peatland, forest, cropland, as
well as savanna and grass fuel types to total fire emissions from the whole of Indonesia
was 20.2%, 45.6%, 16.2%, and 18.0%, respectively, during the study period (Figure 3-9a).
Contributions from peatland fires were only present in the islands of Sumatra, Kalimantan,
and Papua but with noticeable differences (Figure 3-9 b-d). The mean contribution from
peatlands was 33.1%, 18.6%, and 8.3% in Sumatra, Kalimantan, and Papua, respectively.
The forest fuel type was another dominant contributor to total fire emissions from these
three islands and Sulawesi. The contribution from cropland was generally larger in Java
(Figure 3-9e), while the fuel type of savanna and grass had a very high percentage of
contribution in Java and Sulawesi (Figure 3-9e and f).
The contribution from different fuel types to total fire emissions exhibited
significant annual and seasonal variations (Table 3-2). The contribution from peatland fires
to the total fire emissions of Indonesia was greatest for the El Niño-affected 2015 and 2019
dry seasons. Taking 2015 as an example, the separate contributions from peatland, forest,
cropland, as well as savanna and grass fuel types accounted for 51.4%, 37.8%, 7.0%, and
3.8% of total Indonesian fire emissions, which differed distinctly from that over the entire
study period. Despite coverage of peatland area (~15 Mha) being far less than that of forest
(~125 Mha) (Fig .1), the average emission density from peatland fires (208.7 kg/ha) was
disproportionately greater than that from forest fires (18.4 kg/ha) during the extreme 2015
dry season. However, for islands without peatlands, forest fires contributed the most of
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total emissions during the 2015 dry season (e.g., 49.8% in Java and 82.8% in Sulawesi;
Figure 3-9e and f). Additionally, conspicuous annual peaks during January and March in
Java were largely contributed from croplands of this island (Figure 3-9e). Savanna and
grass fires had relatively large contributions during relatively wet years with weak dry
seasons when contributions from other fuel types were much lower.

Figure 3-9. Monthly contributions of total particulate matter (TPM) of fire emissions from
different fuel types between July 2015 and December 2020.
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Table 3-2. Annual contributions of TPM of Indonesian fire emissions from each fuel type.
Year

Peatland

Forest

Cropland

Savanna

Indonesia

and Grass

Total

Tg

%

Tg

%

Tg

%

Tg

%

Tg

2015

3.13

51.4

2.30

37.8

0.43

7.0

0.23

3.8

6.09

2016

0.07

17.9

0.24

61.5

0.04

10.3

0.04

10.3

0.39

2017

0.02

7.1

0.15

53.6

0.06

21.4

0.05

17.9

0.28

2018

0.31

28.5

0.54

49.5

0.13

11.9

0.11

10.1

1.09

2019

1.57

50.5

1.11

35.7

0.26

8.3

0.17

5.5

3.11

2020

0.00

0.0

0.14

60.9

0.04

17.4

0.05

21.7

0.23

Note: TPM of fire emissions were summed from Indonesian fire seasons each year.

3.5 Discussion
3.5.1 Estimation and evaluation of fire particulate emissions
This study improves the estimation of fire particulate emissions over tropical
Indonesia using enhanced parametrizations in the FRP-based approach based on multiple
new-generation satellite data, as well as evaluates the quality of emission estimates using
an independent dataset. Specifically, smoke aerosol emission coefficients (Ce) were
derived for peatland and non-peatland fires, separately, based on 750-m VIIRS active fire
and aerosol products that have much finer spatial resolution than MODIS products used in
previous studies (Ichoku and Kaufman 2005, Ichoku and Ellison 2014). In the Ce derivation,
more reliable wind vector, background AOD, and plume length were applied. The resultant
Ce values reasonably separated fires in peatland from non-peatland fuel types (including
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forest, cropland, and savanna/grass), which is supported by previous results (Ichoku and
Ellison 2014, Lu et al., 2019, Lu et al., 2021b). The calculation of fire radiative energy
(FRE) was largely improved by the reconstructed diurnal FRP values that were fused from
multiple satellite observations. It addressed cloud obstructions of fires using cloud
proportion, captured small and cool fires using finer-spatial-resolution (375 m) VIIRS data,
and quantified diurnal fire activities using high-temporal-resolution (10 min) AHI
observations. The reconstructed diurnal FRP showed that the peak time in both peatland
and non-peatland fires matched very well with those of previous studies under similar
circumstances (Xu et al., 2017, Wooster et al., 2018). However, the FRE calculated from
the reconstructed diurnal FRP was much larger compared to the traditional ones obtained
from either raw AHI FRP diurnal cycles (Xu et al., 2017, Wooster et al., 2018) or MODIS
FRP (Kaiser et al., 2012). This demonstrates that FRE from the reconstructed diurnal FRP
compensated for the underestimation from traditional FRE calculation techniques by
capturing both small and cool fires missed by coarse spatial resolution geostationary
satellites, as well as large fires missed by coarse temporal resolution polar-orbiting
satellites (Kaiser et al., 2012, Wooster et al., 2018).
Fire particulate emissions estimates in this study still contain some uncertainties.
First, the fuel type map may lump several land covers or land uses, particularly in cropland
areas. Cropland in Indonesia includes considerable amounts of perennial woody crops (e.g.,
oil palm, pulpwood, coconut, and rubber) that are easily confused with other classes like
woody savannas and forests. This leads to lots of differences in cropland areas among
VIIRS, MODIS C051, and MODIS C006 land cover products (Friedl et al., 2010, SullaMenashe and Friedl 2018, Huang et al., 2020), which is also likely one of the reasons for
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the relatively poor performance of fire emission estimates evaluation in cropland compared
with other fuel types (Figure 3-6). The fuel types in this study were finally determined
using VIIRS land cover types that have the closest consistency with observations
interactively checked at multiple cropland sites using Google Earth. Second, Ce derivation
could be influenced by (1) the use of a fixed plume height for wind vectors whereas actual
plume heights likely vary for each smoke plume (Ichoku and Ellison 2014, Lu et al., 2021b),
and (2) the minimum of valid AOD values for the background AOD that is potentially
affected by diffuse smoke from neighboring fires. Third, the FRP in this study was
calculated using the best satellite observations so far, but we lack high-quality references
for evaluating the regional cloud-corrected FRP. The AHI FRP calibration was based solely
on SNPP VIIRS FRP, which could be improved by using both SNPP and NOAA-20 VIIRS
observations, but NOAA-20 VIIRS FRP was not available until 2019. Further, the fused
FRP could miss some very small and cool fires that still cannot be detected by the 375-m
VIIRS. This has been verified in previous studies showing that many more small fires were
detectable in Landsat imagery (spatial resolution: 30 m) than VIIRS data (Schroeder et al.,
2016, Li et al., 2020c).
Validation of fire emissions estimates is critical but challenging. Generally, the
accuracy of fire emissions is validated indirectly by incorporating the estimated fire
emissions into CTM to predict AOD, and then evaluating the predicted AOD using groundbased AOD measurements, satellite-based AOD observations, or atmospheric reanalysis
AOD products (Kaiser et al., 2012, Zhang et al., 2014, Wang et al., 2021, Pereira et al.,
2022). However, such an indirect evaluation method inevitably contains additional
uncertainties that arise from model configurations (Tost et al., 2010, Jiang et al., 2013). In
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addition, fire emission estimates can be evaluated using satellite-derived trace gases
(Pechony et al., 2013, Heymann et al., 2017). Taking the case of fire-emitted carbon
monoxide (CO) emission, the reference data are typically derived from the difference
between satellite CO observations in fire pixels and the “background CO” computed from
long-term mean satellite CO concentrations unaffected by fires, nevertheless, without
considering their temporal variations. Moreover, fire emissions could be evaluated using
airborne emission measurements but over transects of a very limited number of fire events
(Bela et al., 2022). Given the limitations of previous validation activities, this study
generated a new reference dataset for evaluating fire emission estimates based on MODIS
AOD products during Terra and Aqua overpasses. This dataset has several advantages.
First, every fire smoke plume sample was selected carefully and delineated manually based
on MODIS natural color images to ensure the good quality of this dataset. Second, this
dataset provides a direct way to evaluate fire particulate emissions of each smoke plume
released during the short period (between Terra and Aqua overpasses) of biomass burning
before mixing with emissions from other sources. Third, this dataset offers a more reliable
and timely “background AOD” for each smoke plume sample. Fourth, the procedure to
generate this dataset is simple and can be easily applied to any region as long as there are
clear natural color images and qualified AOD observations. Finally, the reference samples
are based on smoke plumes, which could significantly reduce the uncertainties in individual
pixels.
Undoubtedly, the new reference dataset also contains some uncertainties. The
coarse spatial resolution (10 km) of MODIS AOD may propagate some uncertainties into
smoke plume area estimates, especially for those plumes released from very small fires
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(Figure 3-6). Despite this, a higher-resolution (1 km) AOD product derived from the MultiAngle Implementation of Atmospheric Correction (MAIAC) algorithm was not used in this
study for two reasons: (1) the performance of MAIAC AOD is worse than MODIS AOD
in the characterization of dense aerosols, such as particulate emissions released from
wildfires, when compared with ground-based AErosol RObotic NETwork (AERONET)
AOD (Lyapustin and Wang 2018, Loría-Salazar et al., 2021); (2) different pixel sizes
would not greatly affect the evaluation data that were obtained at plume level versus at
pixel level. In addition, a constant value of mass extinction efficiency (𝛽𝑒 ; 4.6 m2/g) was
used to convert AOD to total particulate matter (Equation 3-7) because of the poorly
resolved 𝛽𝑒 variation with smoke particle properties in current literature (Wang and
Christopher 2003, Reid et al., 2005). Therefore, this reference dataset could be further
improved upon when sufficiently high-quality AOD products from instruments with
multiple overpasses during short periods (minutes or hours to avoid smoke diffusion and
dilution) and/or better measurements of mass extinction efficiency are available. Even
though these limitations exist, the close agreement between the FRP-based fire particulate
emissions estimates from AHI and VIIRS observations and the independent reference data
from MODIS data confirms the robustness of the fused FRP-based method for fire
emissions estimation over tropical Indonesia (Figure 3-6).
3.5.2 Temporal and spatial fire particulate emissions as well as their fuel sources
The FAVE product offers hourly and daily fire particulate emissions at 0.1° grids
from 2015 to 2020, which provides an important source to analyze time series, spatial
patterns, and fuel sources of Indonesian fire emissions. The time-series products during the
6-year study period show large interannual and seasonal fire emissions variations with the
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largest values corresponding to the very dry fire seasons in 2015 and 2019 (Figure 3-7).
The extremely large fire emissions are associated with two main factors: (1) the extensive
and intensive fire activities linked to the prolonged droughts associated with El Niño events
(Susetyo et al., 2020), and (2) human-ignited fires that burned into drained peat, hugely
exacerbating the burned area extent, combustion duration, and proportion of smoldering
fires (Stockwell et al., 2016, Jayarathne et al., 2018).
The spatial distribution of fire particulate emissions indicates that a majority of fire
emissions were released from peatland fires over Sumatra and Kalimantan (Figure 3-8).
This is very likely due to the long history of extensive conversion of peatlands to
plantations over these two islands (Section 3.2.1). In the process of conversion, fire is used
as a tool for rapidly clearing land surfaces to establish commercial plantations (Miettinen
et al., 2016). In combination with the dramatically lower water table depths induced by
drainage for agricultural development, peatlands have become increasingly susceptible to
large fires (Miettinen et al., 2017, Goldstein et al., 2020, Lu et al., 2021b). This
phenomenon has been clearly demonstrated by the ambitious Ex-Mega Rice Project (MRP)
that converted ∼1 Mha of peat-swamp forests into rice plantations in Central Kalimantan
during 1995-1998, and was ultimately abandoned after failure (Muhamad and Rieley 2002).
Since the MRP project, the conversion area has experienced frequent fires and become the
greatest contributor to area burned in Indonesia (MoEF 2020, Vetrita and Cochrane 2020).
The contribution of fire particulate emissions from different fuel types depends not
only on their spatial coverage but also on the character of the fuel types and prevalence of
burning (Figure 3-9). Since the 1970s, land-use conversion has made carbon-rich peatlands
increasingly susceptible to fires (Wooster et al., 2018, Goldstein et al., 2020, Lu et al.,
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2021b). Peatland fires often burn vertically into the soils as well as horizontally across
them, leading the smoldering groundfires to be extremely hard to extinguish (Hu et al.,
2018). Due to human activities (e.g., illegal logging), the pristine closed-canopy forest also
becomes damaged and degraded with an open canopy allowing winds to reach the forest
floor, rapidly drying the surface fuels (Cochrane 2009, Belcher 2013, Nikonovas et al.,
2020). Together with accumulated fuel loads related to mortality from previous fires, large
forest fires have become increasingly recurrent nowadays (Cochrane 2003, Cochrane 2009).
Agricultural fires, for land clearance and preparation, mainly occur from January to March,
not just for the demand of farming but likely to avoid widespread and uncontrolled fires
during the typically dry months (July – November) when the fire season is most prevalent.
The relative emissions contribution from savanna and grass fires is greater in the wetter
months, most likely because fires in other fuel types are either not possible or as severe
during wet periods.
3.5.3 Comparison with other fire emissions inventories
The FAVE fire particulate emissions estimates are significantly correlated with the
new reference data derived from MODIS AOD over a set of selected smoke plumes (r =
0.84; p < 0.001) attesting to the quality of the data. To fully understand the accuracy of
FAVE, we further compared it with several commonly used fire emissions inventories,
including the Global Fire Assimilation System (GFAS; v1.2) (Kaiser et al., 2012), the
Quick Fire Emissions Dataset (QFED; v2.5r1) (Darmenov and da Silva 2015), the Fire
Inventory from NCAR (FINN; v1.5) (Wiedinmyer et al., 2011), and the Global Fire
Emissions Database including small fires (GFED; v4s) (Van der Werf et al., 2017), across
Indonesia during fire seasons of the whole study period. Given that only PM2.5 was
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available for all existing BBE inventories, we converted the TPM of FAVE to PM2.5 based
on the latest emission factors for different fuel types compiled by Andreae (2019). Since
the agricultural fuel type in Indonesia was mainly composed of woody crops, instead of
traditional agricultural residuals (e.g., straws, stalks, and roots) (Andreae 2019), we
substituted the emission factors of savanna for cropland in this study. Then, for each fire
emissions dataset, annual PM2.5 was summed from daily PM2.5 emissions across Indonesia
during fire seasons from 2015 to 2020.
Figure 3-10 presents comparisons of annual PM2.5 between the FAVE and existing
inventories of GFAS, QFED, FINN, and GFED across Indonesia during the study period.
GFAS emissions were typically close to those of GFED because the former was scaled to
match the latter (Kaiser et al., 2012). Compared with the PM2.5 emissions from GFAS and
GFED, the FAVE PM2.5 was lower in the dry years of 2015 and 2019, but generally higher
in the relatively wet years. Since peat burning is significant in dry years while it is limited
in other years, the larger GFAS and GFED emissions are likely associated with
overestimation of peat combustion and emissions during dry periods. GFAS assumes an
anomalously high biomass combustion rate of 5.87 kg/MJ for peat fires (Kaiser et al., 2012),
which is 7 times as much as that inferred from this study (0.82 kg/MJ; Cepeat/EFTPM-peat)
(Andreae 2019, Lu et al., 2019) and 15 times larger than the traditional biomass combustion
rate for vegetation fires (0.368 kg/MJ) (Wooster et al., 2005). In addition, GFED uses a
larger average burn depth of 10.8 cm than an estimate of 7.3 cm derived based on a daily
soil moisture product at 2° spatial resolution (Kiely et al., 2020). Both estimates are lower
than many field-measured burn depths (Ballhorn et al., 2009, Konecny et al., 2016,
Stockwell et al., 2016) that may not represent regional burn depths well because they are
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generally measured at limited field sites with larger fires and deeper burn depths than
average (Jessup et al., 2021). Fire particulate emissions in GFEDv3.1 have been
particularly high compared to other inventories in South Asia during exceedingly dry years
(Kaiser et al., 2012, Ichoku and Ellison 2014), and are even more so in the latest version
of GFED (GFEDv4s) that is enhanced by many more small fires (Van der Werf et al., 2017,
Wooster et al., 2018). Conversely, GFED is not as prone to overestimation in relatively
wet years because of the limited burning of peat soils under moist conditions (Goldstein et
al., 2020, Lu et al., 2021b).
The PM2.5 emissions in FAVE were approximately twice as much as FINN in dry
years but close to it in relatively wet years. The underestimation in FINN is because it does
not include peat burning that is common in dry years (Wiedinmyer et al., 2011). Given that
the particulate emissions from peatland fires accounted for 45.6% of mean annual fire
particulate emissions during 2015-2020 and 61.5% of fire particulate emissions in October
2015 under extremely dry conditions across Indonesia (Figure 3-8), these proportions
would effectively scale up FINN PM2.5 to be comparable to the FAVE estimation.
In contrast to QFED emissions, the FAVE PM2.5 was normally larger over the study
period. This is likely because the calibration of QFED emissions strongly relies on regional
AOD observations (Darmenov and da Silva 2015). Because a large fraction of gaps exist
in the AOD maps in the persistently cloudy tropical regions, the AOD and related fire
emissions in the QFED calibration process are likely to be underestimated (Darmenov and
da Silva 2015, Shi et al., 2019). Conversely, the FAVE was calculated using Ce values that
were determined from near-source (3×3 pixel window) AOD measurements with the best
quality.
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Although notable differences were shown among different fire particulate
emissions (Figure 3-10), the PM2.5 estimates in the existing inventories were not able to be
directly evaluated using the new reference dataset developed in this study. This is because
the existing inventories are produced on a daily basis while the new reference of fire
particulate matter is obtained during Terra and Aqua overpasses. Nevertheless, the FAVE
with diurnal variation allows us to evaluate the fire emissions at any time period during a
day.

Figure 3-10. Annual PM2.5 emissions aggregated from the FAVE and other existing fire
emissions inventories of GFAS, QFED, FINN, and GFED in Indonesia during the 20152020 fire seasons.
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3.6 Conclusion
Indonesia has experienced frequent wildfires due to extensive deforestation and
drainage of peatlands for agricultural development. The resultant fire emissions are
severely affecting climate, weather, and human activities, which makes the accurate
estimation of these fire emissions an urgent task. Considering that great uncertainties are
present in existing products, this study generated a new dataset of diurnal fire particulate
emissions from 2015 to 2020 across Indonesia based on improved smoke aerosol emission
coefficients (Ce) and diurnal FRP that was fused from high spatial (VIIRS; 375m) and
temporal (AHI; 10 min) resolution satellite observations. This emissions dataset
demonstrated high quality with a good agreement (r = 0.84; p < 0.001) with the independent
reference data that were derived from MODIS AOD over a set of manually-delineated
smoke plume polygons during Terra and Aqua overpasses. The interannual variation
showed that fire particulate emissions could be as large as 6.09 Tg in 2015 and 3.11 Tg in
2019 but as small as 0.23 Tg in 2020 across Indonesia. Most of these emissions were
released from Sumatra and Kalimantan, which accounted for 48% (41%) and 38% (48%)
in 2015 (2019), respectively. The fuel type contribution to total fire emissions across
Indonesia was highest from peatland (51.4%), followed by forest (37.8%), cropland (7.0%),
savanna/grass (3.8%) during the extreme dry fire season of 2015. These findings suggest
that the approach this study uses can pave the way for generating improved estimations of
tropical biomass burning emissions.
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Abstract
Indonesia has experienced frequent fires due to the lowering of groundwater levels
caused by drainage via extensive canal networks for agricultural development since the
1970s. However, the impact of canals on fire emissions is still poorly understood. Here we
investigate canal impacts on smoke aerosol emissions for Indonesian peatland and nonpeatland fires by quantifying the resulting changes of smoke aerosol emission coefficient
(Ce) that represents total aerosol emissions released from per unit of fire radiative energy.
First, we quantified the impacts of canal drainage and backfilling on water table depth
(WTD) variations using field data and then expanded such impacts from field to regional
scales by correlating field WTD to satellite terrestrial water storage (TWS) anomalies from
Gravity Recovery and Climate Experiment (GRACE). Second, we estimated Ce from fire
radiative power and smoke-aerosol emission rates based on Moderate Resolution Imaging
Spectroradiometer (MODIS) active fire and Multi-Angle Implementation of Atmospheric
Correction (MAIAC) aerosol products. Finally, we evaluated the Ce variation with TWS
anomalies. The results indicate: (1) Ce is larger in peatland fires than in non-peatland fires;
(2) Ce increases significantly as TWS anomalies decrease for both peatland and nonpeatland fires; and (3) Ce changes at nearly twice the rate in peatland for a given TWS
anomaly range as in non-peatland. These phenomena likely result from the different fuel
types and combustion phases prevalent under different moisture conditions. These findings
support the Indonesian government’s recent peatland restoration policies and pave the way
for improved estimation of tropical biomass burning emissions.
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4.1 Introduction
Indonesia contributes the largest portion (65%, 57.4 Gt) of tropical peat carbon
(Page et al., 2011). Undisturbed peat swamp forests rarely experience fire activity because
the underlying peat is typically inundated with water under natural environmental
conditions (Miettinen et al., 2017). Since systematic peatland conversion to farmland and
industrial plantations began in the 1970s, however, Indonesia has experienced frequent
large fires linked to the lowering of water tables caused by drainage through extensive
canal networks for agriculture development (Goldammer 2007, Hoscilo et al., 2011).
Installation of drainage canals alters the natural peat dome and leads to significant declines
of water table depths (WTD) (Page et al., 2004). Drained peat becomes susceptible to fires
that increasingly burn downward into these organic soils (Silvius et al., 2006). These fires,
combined with compaction of the remaining peat, further alter the peatland hydrology
(Hooijer et al., 2012). A vicious circle can ensue between dropping WTD and increasing
prevalence of fires.
In recent decades, frequent Indonesian fires have emitted substantial carbon in the
forms of trace gases (e.g., CO2, CO, and CH4) and particulate matter (Wooster et al., 2018,
Kiely et al., 2020, Lu et al., 2021). Several devastating peat fires have occurred during
droughts associated with El Niño events of 1997, 2002, 2004, 2006, 2009, 2015, and 2019
(Han et al., 2017, Kiely et al., 2020, Susetyo et al., 2020), burning millions of hectares
(Mha) across Indonesia (Kiely et al., 2020). In 1997 alone, fires released 0.81 to 2.57 Gt
carbon into the atmosphere, potentially equating to 40% of global carbon emissions from
fossil fuels (Page et al., 2002). In 2015, fires burned 2.6 Mha areas across Sumatra,
Kalimantan, and Papua, causing terrible air pollution, US $16 billion in Indonesian
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economic losses (Glauber and Gunawan 2016), and more than 100,000 premature deaths
from exposure to hazardous fire smoke (Koplitz et al., 2016). Degraded peatlands emit
~6.5 times as much CO2 (70% from fires, 30% from aerobic decomposition) as burning
fossil fuels every year (Silvius et al., 2006, Parker et al., 2008). These peatland-related fire
emissions have made Indonesia the world’s 3rd largest emitter of greenhouse gases in some
years, behind only the United States and China, versus ranking 21st if peatland emissions
were excluded (Silvius et al., 2006, Parker et al., 2008).
Destructive environmental, economic, and health impacts from multiple years of
peatland fires and smoke emissions have incentivized the Indonesian government to
mitigate the problems through peatland restoration (Page et al., 2002, Kiely et al., 2020).
Recently, the Indonesian Peatland Restoration Agency (Badan Restorasi Gambut, BRG)
has engaged in various mitigation efforts, primarily through canal blocking and backfilling,
to restore 2.5 Mha of peatland ecosystems and protect them from burning (Sirait 2018).
The Indonesian restoration program is arguably the largest global carbon-flux mitigation
activity being undertaken. The premise is that both the number of fires and total emissions
will decrease as water table levels are raised (Dohong 2017, Putra et al., 2018). Previous
studies have shown that canal drainage increases fire frequency and burn depth (Konecny
et al., 2016, Putra et al., 2018). However, the impacts of canal drainage and canal
backfilling/blocking on fire emissions are poorly quantified.
Traditionally, fire emissions are estimated using bottom-up methods which require
multiple inputs, including burned area, fuel loading, combustion completeness, and
emission factors (Zhang et al., 2008, Van der Werf et al., 2017). However, each input
parameter propagates considerable uncertainties into final fire emission estimates (Zhang
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et al., 2008, Lu et al., 2017, Van der Werf et al., 2017, Liu et al., 2020, Gale et al., 2021).
For example, several widely used satellite-based burned area products show remarkable
differences and accuracies of these products are highly uncertain due to dense smoke and
frequent clouds in Indonesia (Vetrita et al., 2021). Recently, a top-down approach for
estimating fire emissions directly using smoke aerosol emission coefficients (Ce) based on
satellite fire radiative energy (FRE; i.e., the temporal integration of fire radiative power
(FRP) that measures instantaneous fire-emitted energy) has been developed (Wang et al.,
2006, Ichoku and Ellison 2014, Mota and Wooster 2018, Lu et al., 2019, Li et al., 2020).
This approach bypasses the need to estimate combusted biomass amounts that is a major
source of uncertainty in bottom-up approaches (Wiedinmyer et al., 2011, Van der Werf et
al., 2017).
Here, we estimate how canals impact water levels and then fire emissions in
Indonesia. First, this study quantified the impacts of canal drainage and canal backfilling
on water levels using field WTD data at a study site. Such impacts on water levels were
subsequently expanded from field to regional scales by correlating field WTD data with
satellite-observed terrestrial water storage (TWS) anomaly data from the Gravity Recovery
and Climate Experiment (GRACE) over 2010-2019. Second, annual Ce values, to represent
fire emissions, were calculated using a top-down approach based on Moderate Resolution
Imaging Spectroradiometer (MODIS) active fire and Multi-Angle Implementation of
Atmospheric Correction (MAIAC) aerosol products during 2002 and 2019. Third, the
impacts of water levels on regional fire emissions were evaluated by establishing
relationships between TWS anomalies and Ce values for peatland and non-peatland fires
separately for 2002-2019.
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4.2 Study area and datasets
4.2.1 Study area
Sumatra (43%), Kalimantan (32%), and Papua (25%) contain nearly all Indonesian
peatlands (Figure 4-1a) (Haryono et al., 2011, Wahyunto et al., 2014). These peatlands,
particularly in Sumatra and Kalimantan, have experienced high deforestation rates and
frequent fire events due to conversions from primary peat-swamp forests into agricultural
areas since the 1970s (Page et al., 2002, Van der Werf et al., 2008, Hoscilo et al., 2011,
Margono et al., 2014, Stibig et al., 2014). For example, the Ex-Mega Rice Project (MRP,
1995-1998) in Central Kalimantan converted ~ 1 Mha of peat-swamp forests into rice
plantations that failed and were abandoned (Muhamad 2002). In this project, a massive
network of drainage canals was established in peatlands (e.g., Figure 4-1b), with a total
length of 4,500 km and depth of up to 10 m (Jaenicke et al., 2011). The Ex-MRP area has
burned frequently (up to 10 times) (Konecny et al., 2016) and become the greatest
contributor to area burned in Indonesia (MoEF 2020). During 2000-2012, 15.79 Mha
forests were lost in Indonesia, 38% of which occurred in primary forests, with annual loss
rates increasing significantly over the 13-year period (Margono et al., 2014).
Degraded peatlands have drawn national attention for restoration activities. The
BRG restoration program is carried out through three approaches: rewetting of peatlands,
revegetation, and revitalization of local livelihood (Dohong 2017). Rewetting drained
peatlands through the construction of canal backfills and other techniques is the primary
task of the peatland restoration project. Canal backfilling is a process of filling open
drainage canals to make the canals shallow and sedimented and thus to reduce runoff and
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keep water retention capacity high in peatlands (Dohong 2017). Throughout 2016–2019,
BRG constructed 143 canal backfills in the seven priority provinces (Figure 4-1a). Across
the canal-managed areas, we focused on the area in Figure 4-1b not just because it was the
only area that had both long-term systematic WTD measurements and backfilling activities,
but because it was one of the severest areas affected by frequent fires in Indonesia. To
investigate the impacts of canal drainage and canal backfilling on fire smoke aerosol
emissions, we selected the Indonesian fire seasons from July to November during 20022019 as our study period (Giglio et al., 2013, Putra et al., 2018). The start year of 2002 is
selected because both Aqua and GRACE observations are available from this year.

Figure 4-1. Study areas of Sumatra, Kalimantan, and Papua (light green). The Provinces
and peatland areas with BRG activities are marked with grey hash and pink, respectively.
The seven BRG provincial areas are (1) Riau, (2) Jambi, (3) South Sumatra, (4) West
Kalimantan, (5) Central Kalimantan, (6) South Kalimantan, and (7) Papua provinces. In
inset (b), red dots are the locations of field dipwells; straight blue lines represent canals;
and black starred lines show the locations of backfilled canals from the Peatland
Restoration Information and Monitoring System (PRIMS).
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4.2.2 Datasets
Datasets used in this study are listed in Table 4-1. Field-measured WTD is used to
quantify the impacts of canal drainage and backfilling on water level variations at the field
scale. GRACE TWS anomaly data are investigated as a tool for expanding analysis of the
canal effects from field to regional scales, and for evaluating the relationship between
regional water levels and Ce values. MODIS active fire (AF), MODIS MAIAC aerosol
optical depth (AOD), and wind dataset from the European Centre for Medium-Range
Weather Forecasts Reanalysis version-5 (ERA5) are used to calculate Ce values. The
peatland map from the Indonesian Ministry of Agriculture (MoA) is utilized to categorize
observations into peatland and non-peatland classes. Detailed descriptions of these datasets
are provided in the supplementary materials.
Table 4-1. Descriptions of the datasets used in this study.
Dataset

Source

Spatial resolution

Temporal resolution
Monthly over 2010-2013

WTD

Field dipwells

50/100/200 m
Twice yearly over 2014-2019

TWS anomaly

GRACE

1 degree

Near-monthly (irregular)

AF

MODIS

1 km

Four times daily

AOD

MAIAC

1 km

Twice daily

ERA5

0.25 degree

Hourly

Indonesian MoA

1:250,000

Constant

Wind vector
Peatland
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4.3 Methods
4.3.1 Quantification of canal impacts on water levels
We quantified drainage canal impacts on water levels using field WTD data
measured in a ~1,200 km2 area that has experienced both extensive canal drainage during
the Ex-MRP program and considerable canal backfilling as part of BRG activities (Figure
4-1b). Specifically, the impacts of canal drainage were assessed by examining WTD
variations with distance from canals, and the impacts of canal backfilling were estimated
by comparing the WTD differences, near and far from canals, before and after backfilling.
Quantification of canal network impacts on water levels was expanded from field
to regional scales by using satellite-based TWS anomalies as proxies of field-measured
WTD. To this end, we evaluated inter-annual variations of GRACE TWS anomalies using
WTD (2010-2019) measured at the field site (Figure 4-1b). Because all field measurements
were located in a single GRACE pixel within drained peatlands, we averaged all WTD
values (inside and outside of canal backfilling areas) in October of each year and compared
them with corresponding TWS anomalies. For these comparisons it is noteworthy that: (1)
field measurements only cover ~10% of the GRACE pixel; and (2) field data may not be
measured on the exact day of the GRACE satellites overpass. Despite these limitations,
this comparison is still necessary to verify the capability of TWS anomaly being a proxy
of WTD for analyzing canal impacts on WTD and, in turn, on regional fire emissions.
4.3.2 Calculation of Ce values
Ce was derived from the linear regression between FRP and corresponding emission
rates of smoke aerosols (Rsa) based on the algorithm developed by Ichoku et al. (2005,
2014). In this algorithm, Rsa is determined using the mass of smoke aerosol emissions and
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the time it needs to emit such emissions. The mass of smoke aerosol emissions is calculated
from the difference between total AOD in the downwind pixel and background AOD in
the upwind pixel, pixel area, and mass extinction efficiency. The time to emit the emissions
is computed from plume length and wind speed.
Note that several modifications have been made relative to Ichoku et al. (2014): (1)
we used updated satellite data including duplication-corrected MODIS active fire, 1-km
MAIAC AOD, and hourly ERA5 wind vectors; (2) we assigned background AOD from
the minimum value, instead of the mean value, of valid AOD values in the upwind region
of fires. This was because aerosols in upwind pixels are more susceptible to neighboring
fires at the spatial resolutions of MAIAC AOD (1 km) than the MODIS AOD (10 km) used
by Ichoku et al. (2005, 2014); (3) due to the similar spatial resolution of MODIS fire and
MAIAC AOD products, we defined plume length as the distance from the center of a 3×3
pixel window to the pixel edge in the wind direction, and calculated it based on pixel size
and wind direction using trigonometric functions; and (4) annual Ce values were obtained
based on daily summations of daytime FRP and corresponding rates of smoke aerosol
emissions over a given region. Note, we combined Terra and Aqua data for linear
regressions. Moreover, to ensure the high quality of Ce estimates, only qualified regression
models (r2>=0.5, p<=0.01, and n>=5) were used.
Since fire events mainly occurred in the dry years of 2002, 2004, 2006, 2009, 2015,
and 2019 during our study period (Han et al., 2017, Kiely et al., 2020), we first estimated
peatland and non-peatland Ce values separately during these six years across Sumatra,
Kalimantan, and Papua, respectively. The dry years are associated with El Niño events that
decrease precipitation, cause drought, and intensify fires in the study region (Han et al.,

141
2017, Susetyo et al., 2020). Further, to study inter-annual variation of Ce values and
associate them with water levels, we estimated yearly Ce (2002 – 2019) for peatland and
non-peatland in three selected regions (Figure 4-1a). A single annual Ce value was
calculated for peatland and non-peatland separately of each region so as to include
sufficient samples of simultaneous satellite observations of fires and smoke for Ce
derivation during each Indonesian fire season.
4.3.3 Evaluation of water level impacts on Ce variation
The regional-scale evaluation of water level impacts on Ce variation was substituted
by GRACE TWS anomaly data due to the lack of regional WTD data. To coordinate with
annual Ce values, GRACE TWS anomalies were pre-processed. First, TWS anomalies were
extracted for corresponding locations and months of fire observations used to estimate Ce.
Then, the extracted TWS anomalies were spatially and temporally averaged, yielding a
single composite TWS anomaly for each fire season in each region (peatland and nonpeatland separately), to be consistent with Ce values.
An exponential function characterized relationships between Ce values and TWS
anomalies:
𝑦 = 𝑎𝑒 𝑏𝑥

(4-1)

where x and y represent TWS anomaly and Ce; a is the y-intercept of the curve; and b
denotes the continuous change rate of the curve. The exponential equation was applied for
separate peatland and non-peatland analyses of each region. A general conclusion about
the relationship between Ce values and TWS anomalies was also established by merging
samples from the three regions for peatland and non-peatland separately.
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4.4 Results
4.4.1 Impacts of canals on water levels
Figure 4-2a and b shows the impacts of canal drainage on October WTD
measurements. Dipwells closer to canals had lower WTD values for almost all years (20102019). Within 50 m of canals, almost all WTD values were below -40 cm, a particularly
dangerous indicator for fire risk (Putra et al., 2018). Generally, WTD values increased with
distance 50-200 m from canals, before becoming relatively constant afterward for dipwells
out to 1100 m from canals. However, during the extreme 2015 El Niño event, WTD values
(Figure 4-2a) were as low as -112 cm and did not vary significantly with distance from
canals because of the extensive drought conditions everywhere (Figure 4-S5) (Stockwell
et al., 2016, Jayarathne et al., 2018, Wooster et al., 2018). The uniformly low WTD was
accompanied by widespread peat fires in 2015 that sped up initiation of the BRG project
in 2016 (Sirait 2018).
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Figure 4-2. WTD variation with distance to canals over October, 2010-2019. Insets (a and
b) present the mean value of WTD at different distances to canals; insets (c and d) show
the difference of WTD at 50-m and 200-m distances to canals inside and outside canal
backfilling areas, respectively. Hollow and filled markers represent WTD values before
and after backfilling.

The effectiveness of BRG’s canal backfilling projects is apparent in the reduced
WTD differences between dipwells at 50 m and 200 m from canals before and after
backfilling (Figure 4-2c). Inside the backfilling area, WTD differences ranged from ~15 to
~25 cm before backfilling (2010-2014) and showed a noticeable decreasing trend once
backfilling activities began (2016-2019) (Figure 4-2c). In contrast, no obvious WTD trends
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exist outside of backfilling areas (Figure 4-2d). During the 2015 El Niño, extreme drought
effects dominated over canal drainage effects making WTD differences very low
everywhere.
Regional impacts of canal networks were estimated using GRACE TWS anomaly
data. Despite the noted disparities (Section 4.3.1), TWS anomalies correlate significantly
with field-based inter-annual variations of WTD (Figure 4-3; r2=0.84, p<0.001). TWS
anomaly and WTD data both show greatest and least values for 2010 and 2015, respectively.
In addition, both have decreasing trends for the 2010-2015 and 2016-2019 intervals. The
strong correlation between TWS anomaly and WTD justifies the use of TWS anomaly as
a proxy for regional WTD. There are, however, some differences in water level trends over
2011-2012 between these two datasets. This may be related to heavy rainfall before and/or
during the period of field WTD collection in 2011 (Figure 4-S5).

Figure 4-3. The inter-annual variation of field WTD and GRACE TWS anomalies in
October (2010-2019). Note that no field data are available for October 2013, and no
GRACE data are available in 2017.
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4.4.2 Peatland and non-peatland Ce values
Figure 4-4 presents relationships between daytime total smoke aerosol emission
rates (𝑅tsa ) and daytime total FRP (𝑅tFRP ) in peatland and non-peatland areas of the three
regions during fire seasons of six dry years (2002, 2004, 2006, 2009, 2015, and 2019), in
which regression slopes provide estimated Ce values. Specifically, the variables of 𝑅tsa and
𝑅tFRP of the selected samples are significantly correlated in both peatland and non-peatland
across all three regions (r2>0.83, p<0.001). Peatland Ce values are 12% - 39% larger than
non-peatland Ce for each given region, with the largest Ce difference in Papua (4.97 g/MJ),
followed by Kalimantan (3.48 g/MJ) and then Sumatra (1.65 g/MJ). An example of the
yearly Ce estimation in a typical dry year of 2006 is presented in Figure 4-S1.
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Figure 4-4. Scatterplots of daytime total smoke aerosol emission rate ( 𝑅tsa ) against
daytime total fire radiative power (𝑅tFRP ) derived from both Terra and Aqua MODIS
during Indonesian fire seasons in the dry years of 2002, 2004, 2006, 2009, 2015, and 2019.
‘n’ is the number of scatter points. Colors correspond to the day of year when samples were
observed. The slope of linear regression presents the estimated Ce, and the shaded area is
the 95% confidence interval.
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4.4.3 Relationship between water levels and Ce
Regional-scale relationships between TWS anomalies and annual Ce values are
used to quantify water level effects on fire emission rates. Figures 4-S2:S4 show interannual variations of peatland and non-peatland Ce values and TWS anomalies of the three
study regions. The quantitative relationships between these two variables are presented in
Figure 4-5. As TWS anomalies shrink and then become increasingly negative, Ce values
tend to grow larger in most cases. More rapid rates of Ce change and greater values exist
in peatlands than non-peatlands for negative TWS anomalies. Greater rates exist in
peatlands (Sumatra: 11%; Kalimantan: 11%; and Papua: 4%) than non-peatlands (Sumatra:
7%; Kalimantan: 6%; and Papua: 0%), with best-fit models (Equation 4-1) showing flatter
responses in the less degraded Papua region. Merged results (Figure 4-5g and h) further
confirm the significant positive relationship between Ce values and negative TWS
anomalies for peatland (9%, p<0.001) and non-peatland (5%, p<0.01).
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Figure 4-5. The relationships between annual Ce values and TWS anomalies in Sumatra (a
and b), Kalimantan (c and d), and Papua (e and f) during 2002-2019. Samples in subfigures
g (h) are merged from a, c, and e (b, d, and f). Error bars present the lower and upper 95%
confidence limits for Ce derivation.

4.5 Discussions
4.5.1 Impacts of canals on water levels
Field-measured WTD shows that canal drainage regularly reduces water levels with
impacts out to at least 200 m (Figure 4-2a and b). Observed WTD decreases attributable to
canals were as high as 25 cm in this degraded landscape, hence, affecting significantly the
whole of Indonesia where extensive canal networks were established in peatlands (Dadap
et al., 2021). Despite large inter-annual variance of water levels, the pattern of greater WTD
impacts with increasing proximity to canals was consistent, though the degree of variation
was smaller during extremely dry years (i.e., 2015) when WTD was greatly lowered
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everywhere. Drainage canals lead to persistently lower WTD during dry seasons that
convert not only surface vegetation but underlying peat soils into flammable fuels
(Goldstein et al., 2020). It is noteworthy that peat soils are rarely affected by fires
previously (Miettinen et al., 2017), but nowadays are subjected to frequent fires that burn
more deeply into the peat near canals (Konecny et al., 2016, Putra et al., 2018).
Pre-existing water level differences between locations inside and outside
backfilling areas, prior to backfilling, are most evident in 2015 (Figure 4-2a and b). The
two regions have somewhat different disturbance histories (Vetrita and Cochrane 2019)
with areas inside backfilling operations including the last remnant natural forests while
outside backfilling areas including much more bare soils due to fires (Vetrita and Cochrane
2021). As such, dipwells are distributed across different land cover types, including forest,
exposed soil, shrub and fern, as well as having differences in WTD measurement
times/dates in October (Goldstein et al., 2020). Regardless of these differences, only areas
within the BRG backfilling areas have shown progressive improvement in water levels.
Since 2016, canal backfilling activities have progressed gradually within
Indonesia’s degraded peatlands despite resistance by local farmers since the canals are used
to access and irrigate their agricultural lands as well as transport their products (e.g., oil
palm) (Giesen et al., 2018). Although more research will be needed to quantify the benefits
of backfilling and restoration and determine if degraded peatlands can be successfully
rewetted and restored, BRG mitigation activities have demonstrably increased nearby
water levels in subsequent years (Figure 4-2). Differences between WTD at 50-m and 200m from canals decreased after BRG initiated canal backfills (2016-2019) (Figure 4-2c).
WTD near canals has become increasingly similar to water levels farther away as more
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normal hydrology was re-established. By 2019, WTD differences with distance were near
zero, much lower than that outside backfilling areas.
To quantify canal impacts on water levels at regional scales, we used satellite TWS
as a proxy for regional WTD (Figure 4-3). Vegetation cover had little impact on the TWSWTD relationships since the monthly dynamics of TWS and WTD were highly correlated
and synchronous over both areas within and outside fire-prone regions in Kalimantan
during 2002-2014 (Han et al., 2017). The robustness of TWS has been widely investigated
for improving simulations of WTD in land surface models (Strassberg et al., 2007, Lo et
al., 2010, Girotto et al., 2016, Seyoum and Milewski 2016, Stampoulis et al., 2019). Thus,
relationships between TWS and Ce values at regional scales hold promise for adequately
reflecting the impacts of canal-related water level changes on fire emissions.
4.5.2 Peatland and non-peatland Ce values
In dry years, Ce values are generally larger for peatland fires than non-peatland fires
(Figure 4-4), likely due to the following reasons. First, when WTD falls well below the
peat surface, fires in peatlands include both surface vegetation and peat soil fires, whereas
non-peatland fires only include surface vegetation fires. Second, smoldering peat fires have
a very low combustion efficiency due to insufficient oxygen for completed oxidation,
yielding the release of much denser concentrations of particulate matter than flaming
vegetation fires (Chand et al., 2005, Ichoku and Kaufman 2005, Reid et al., 2005, Shi et
al., 2018, Lu et al., 2019). Third, the carbon content of tropical peat soils (~61%) is much
higher than that of vegetation (~45%) (Wooster et al., 2018), and organic carbon is the
primary component of particulate matter emissions from combustion (Jayarathne et al.,
2018). In wet years, however, Ce differences between peatland and non-peatland fires are
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not significant (Figures 4-S2:S4), since peat soils are either too wet to burn or only provide
a minor contribution to fuels (Heil and Goldammer 2001, Chand et al., 2005, Lu et al.,
2019). Therefore, whenever peat is not involved in combustion, peatland and non-peatland
fires are relatively similar, burning only surface vegetation.
Another finding is that the Ce difference between peatland and non-peatland is
greatest in Papua, reduced in Kalimantan, and least in Sumatra (Figure 4-4). This is likely
related to settlement and land use patterns. Development in peatlands of Sumatra has been
substantial since the 1970s, versus the 1990s in Kalimantan, and the 2010s in Papua. Due
to the earlier settlement and social development in Sumatra, human activities (e.g.,
agriculture development, rural and urban expansion, logging) would possibly lead to more
burning on easily accessible shallow peatland (< 0.5 m) that has been excluded from the
MoA peatland map and categorized into the non-peatland class (Goldammer 2007,
Cochrane 2009, Hoscilo et al., 2011, Margono et al., 2014).
4.5.3 Impacts of canals on fire emissions
This study investigated drainage canal impacts on fire emissions indirectly using
satellite-based TWS at regional scales. The exceedingly labor-intensive and timeconsuming efforts to measure field WTD, preclude development of widespread and
continuously monitored networks of sampling sites. We made use of WTD from several
hundred dipwells within ~1,200 km2 of degraded peatland in Kalimantan (Figure 4-1b).
However, since the data were from a single location, we were not able to establish a direct
relationship between fire smoke emissions and WTD for Indonesian peatlands and nonpeatlands. Therefore, we used satellite-observed TWS as a proxy of WTD at regional scales
because TWS anomalies were significantly correlated with WTD (Figure 4-3; r2=0.84,
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p<0.001). Thus, we hypothesized that relating TWS anomalies to regional fire emissions
could approximate the impacts of drainage-canal-caused changes in WTD on fire emissions.
Future work investigating direct relationships between fire emissions and drainage-canalcaused WTD would be an improvement but such work relies highly on the availability of
sufficient field measurements.
Magnitudes of Ce change in concert with TWS anomalies but the rates of change
differ between peatland and non-peatland areas because of the additional fuel types (peat
soils) and combustion phases (smoldering vs. flaming) prevalent under different moisture
conditions in peatlands (Lu et al., 2019, Goldstein et al., 2020, Nguyen and Wooster 2020).
In wet years, high TWS values are associated with higher water tables in the peat soils and
greater water availability for various live plants, making both potential fuel sources more
difficult to burn. Since small-diameter, low-density fuels (e.g., grass and savanna, leaves
and twigs) dry more quickly, they become much easier to combust than large-diameter
fuels (e.g., tree trunk and branch) and peat soils in the absence of extended drought (Belcher
2013). Flaming combustion dominates in small-diameter fuels and these fuels typically
have much lower Ce values than either large-diameter fuels or peat soils (Chand et al., 2005,
Ichoku and Ellison 2014, Lu et al., 2019, Nguyen and Wooster 2020). On the other hand,
high moisture affects combustion phases by reducing biomass combustion efficiency. This
leads to more smoldering and less flaming combustion, hence, higher Ce values per unit
mass of combustion because much denser particulate matter is emitted from smoldering
combustion than flaming combustion (Rogge et al., 1998, Simoneit 2002). However, low
combustion efficiency caused by high moisture does not lead to Ce rising continuously
because wet fuels do not combust above condition-dependent moisture contents.
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Effectively, increasing moisture reduces fuel availability to finer and finer fuels, reducing
the mass of fuel available to burn, and hence Ce, to a greater degree than low combustion
efficiency can increase it. Ce values are typically low in wet years (Figure 4-5).
Conversely, in dry years, the relationship between Ce and larger magnitude TWS
anomalies likely results from the increasing amounts and rates of fuel consumption, since
more potential fuels become available for combustion under drier conditions (Cochrane
2009, Goldstein et al., 2020). During dry years when TWS anomaly values are very low
(highly anomalous), water levels drop and peat soils dry to greater depths, moisture
contents of both above- and near-surface belowground fuels are reduced. This increases
risks of large-diameter fuels and peat soils becoming involved during fires. During drier
years, Ce increases together with combustion of large-diameter fuels because they have
higher carbon contents and smolder much more than small-diameter fuels (Heil and
Goldammer 2001) under the same moisture conditions (Mota and Wooster 2018, Lu et al.,
2019, Nguyen and Wooster 2020). This is the most probable reason for observations of
increasing Ce under low TWS conditions in both peatland and non-peatland areas. In
peatlands, environmental conditions allow the underlying peat to burn to even greater
depths as dry periods continue, with maximum observed depth up to 85 cm (Page et al.,
2002, Konecny et al., 2016, Simpson et al., 2016). Ce values for peat soils are larger than
for vegetation (Section 4.5.1) and contribute to peatland fire emissions during dry years.
This additional fuel source helps explain why Ce values increase much faster in peatland
than in non-peatland as TWS decreases (Figure 4-5).
The exponential relationship between Ce and TWS anomalies does not behave well
in Papua, although it is significant in both Sumatra and Kalimantan. This is because Ce
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estimates are more uncertain in Papua due to the limited numbers of fires (e.g., 2006; Figure
4-S1) compared to Sumatra and Kalimantan. Besides, peatland distribution and associated
fires are more scattered in Papua than in Sumatra and Kalimantan (Figure 4-1). Peatland
map accuracy may be lower in Papua where development has only recently begun.
However, if the two largest outlying Ce values in Papua non-peatland are removed, a clear
decreasing trend of Ce for increasing TWS anomalies emerges (Figure 4-5f) but more data
are necessary to be confident of appropriate Ce values in this region.
Assuming the relationship between Ce and TWS anomalies is a suitable proxy for
WTD effects on Ce, canal backfilling appears a promising way of reducing fire emissions
in drained peatlands. Returning water levels nearer (<200 m) canals to similar levels as
those farther away could prevent the occurrence of severe fire events or mitigate potential
peat fires by limiting the potential depth of burning. As burning on peatlands is reduced
over larger areas and the incidence and depth of smoldering peat fires become increasingly
limited, the reduced regional smoke emissions could be revealed by linking TWS, the WTD
proxy, with smoke aerosol emission coefficients. In areas with extensive BRG mitigation
activities, the differences between peatland and non-peatland Ce values should be reduced
as peat soil burning is minimized or prevented.
4.5.4 Potential uncertainties in Ce estimation and TWS anomaly
Although the negative relationship between Ce values and TWS anomalies is
significant, it is not a perfect exponential function and may be influenced by uncertainties
in both variables. Ce estimation has several inherent uncertainties. First, plume heights of
individual smoke plumes are likely different. However, we used a fixed plume height (750
m), indicated by wind pressure level, due to challenges to obtain accurate plume heights
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for each and every smoke plume. Second, background AOD values may have been affected
by smoke from fires in neighboring pixels. We minimized the effects of potential
neighboring fires by deriving the background AOD values from the minimum of valid
AOD retrievals in regions upwind of focal fires. Third, while expedient, associating
instantaneous FRP observations with corresponding smoke plumes is not ideal since FRP
values may change during the period used for calculating the smoke aerosol emission rate
(Ichoku and Ellison 2014). However, this issue has been minimized in this study by using
finer spatial resolution MAIAC AOD (1 km) and averaging calculations from numerous
fires. Finally, FRP is another parameter that may propagate uncertainties to Ce estimates
because FRP tends to be underestimated in the presence of exceedingly dense smoke
(Giglio et al., 2016, Kumar et al., 2020).
Similarly, although the GRACE TWS anomaly is a good indicator of both belowand above-ground fuel moisture, using a single mean TWS anomaly value for each year in
each region may not correspond well to moisture conditions of all fuels being used to derive
Ce values (Tapley et al., 2004, Sadeghi et al., 2020). Using mean TWS anomalies values
from smaller areas (province or pixel) could reduce uncertainties related to spatial variation
of TWS anomalies, but the number of fire samples, within smaller areas, during any given
year would likely be insufficient for building the regressions to calculate Ce. We tried
unsuccessfully to use high spatio-temporal moisture products from the Soil Moisture and
Ocean Salinity (SMOS) and Soil Moisture Active Passive (SMAP) missions to better
understand fuel moisture dynamics. However, these sensor responses saturate over much
of the tropics and have limited canopy penetration capabilities (Njoku and Entekhabi 1996,
Gao et al., 2020).
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4.6 Conclusion
To mitigate destructive environmental effects caused by smoke aerosol emissions
from extensive peat fires, the Indonesian government has initiated canal backfilling and
blocking activities across millions of hectares of degraded peatlands to raise water table
levels and reduce burning associated with extensive canal drainage for agricultural
development. In this paper, for the first time, we investigated the impacts of both canal
drainage and canal backfilling on the fire smoke aerosol emission coefficient (Ce) that is
critical for estimating biomass-burning emissions. Specifically, this research (1) studied
the impacts of canal drainage and backfilling on water levels using both field- and satellitemeasured data; (2) estimated annual Ce values for tropical peatland and non-peatland fires
using MODIS active fire, MAIAC aerosol, and ERA5 wind products; and (3) assessed the
relationship between regional water levels, represented as TWS anomalies, and Ce values
during the period from 2002 to 2019. Results show that canal drainage causes water levels
to decline within 200 meters, while canal backfilling is helpful in raising water levels and
restoring more natural hydrology conditions. Ce values of peatland fires are generally
higher than those of non-peatland fires in dry years. In addition, a negative relationship
exists between water levels and Ce for both peatland and non-peatland. Moreover, the Ce
value decays much faster for peatland fires than non-peatland fires as water levels increase.
Through the above findings, we conclude that lower water levels caused by canal drainage
lead to higher Ce values, whereas canal backfilling produces higher water levels and lower
Ce values. Ce in peatlands is more sensitive than non-peatland to canal drainage because
the underlying peat soils become fuels for smoldering fires if water levels are reduced too
much, dramatically changing the amounts of aerosol emissions. The Indonesian
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government is currently implementing large-scale peatland restoration activities which
hold promise for reducing both the incidence and emissions from fires, and these efforts
should be supported and furthered to successfully rewet the many peatland areas with
heavily degraded conditions resulting from long-term extensive drainage.
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Supplementary materials
Field-measured water table depth (WTD)
WTD was monitored by measuring the perpendicular distance from the water table
surface to the peat surface in dipwell locations (Ichsan et al., 2013), established and
supported by the Kalimantan Forest and Climate Partnership (KFCP) (2010-2013) (Hooijer
et al., 2014) and subsequently through funding (Cochrane) from the National Aeronautics
and Space Administration (NASA) Carbon Monitoring Systems (Putra et al., 2019).
Dipwells are situated along 26 transects, perpendicular to canals inside and outside of
backfilling areas, within ~1,200 km2 of the Ex-Mega Rice Project (Ex-MRP) in Central
Kalimantan (Figure 4-1b). Along each transect, dipwells were installed every 50 m from
the canal edge to 200 m, then every 100 m to 500 m, and every 200 m onwards. WTD data
were recorded every month from 460 dipwells during the KFCP project (2010-2013), and
twice a year (peak wet – February, and peak dry – October) from 300 (subset of 460)
dipwells during the NASA projects (since 2014). To minimize any data inconsistencies and
reduce effects from precipitation, only WTD data measured in October (peak dry season)
were used in this study. Although these WTD data measured by the KFCP and NASA
programs cover only ~0.8% of Indonesian peatlands (Figure 4-1b), they are spatially
stratified and have been systematically measured over a long period, providing a powerful
dataset for assessing the impacts of canals on water levels.
GRACE terrestrial water storage (TWS) anomaly
We used GRACE release 06 TWS anomaly data at 1° grid and near-monthly
temporal resolution. Twin GRACE satellites are separated by 220-km along their polar
orbit track (Tapley et al., 2004). This distance between satellites is affected by changes of
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Earth’s gravitational forces that are represented as water equivalent thicknesses. By sensing
changes in the inter-satellite distance, TWS anomalies are computed as gaining or losing
water relative to a time-mean baseline (Tapley et al., 2004). First-generation GRACE
satellites collected measurements from March 2002 until decommissioning in October
2017. The GRACE Follow-On (GRACE-FO) satellites, successor to the original GRACE
mission, were launched in May 2018. We downloaded the TWS anomalies retrieved
through a spherical harmonics algorithm for 2002-2019 from the NASA Jet Propulsion
Laboratory. Since first-generation GRACE satellites data collection ended in 2017, TWS
anomaly data were not available for the 2017 Indonesian fire season.
The vertically integrated TWS is expressed as:
𝑇𝑊𝑆 = 𝑆𝑊 + 𝑆𝑛𝑊 + 𝑆𝑀 + 𝐺𝑊 + 𝐶𝑊

(4-S1)

where 𝑆𝑊, 𝑆𝑛𝑊, 𝑆𝑀, 𝐺𝑊, and 𝐶𝑊 represent surface water, snow water, soil moisture,
ground water (i.e., water stored below the water table depth), and canopy water storages,
respectively (Felfelani et al., 2017). The water storage contribution from vegetation canopy
to TWS is almost negligible compared with other components (Syed et al., 2008). Also, it
is unnecessary to consider snow water in the tropical Indonesia. Relative to surface water
and soil moisture, the groundwater indicated by WTD is a dominant component of TWS
variation in our study area (Han et al., 2017).
MODIS active fire
The MODIS collection 6 (C6) level-2 active fire product was used in this study.
The Terra and Aqua MODIS sensors (MOD14 for Terra and MYD14 for Aqua) have up to
four overpasses at each location every day (daytime and night), albeit with periodic gaps
in the tropics. The product provides fire observation time, fire location (longitude and
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latitude, sample and line), logical criteria used for the fire selection, detection confidence,
fire radiative power (FRP), and view zenith angle (Giglio et al., 2016). To match MAIAC
aerosol optical depth (AOD) observations (below), only daytime active fire product from
Terra and Aqua were downloaded from NASA's Atmosphere Archive and Distribution
System. Each MODIS scan line is composed of 1354 pixels with a swath width of 2340
km. Pixel sizes increase from 1 km at nadir to 2.01 km along the track direction and 4.83
km along the scan direction (Wolfe et al., 2002). Adjacent scans overlap each other at offnadir (bow-tie effect) and any given fire may be observed two or more times in these
regions (Peterson et al., 2013, Freeborn et al., 2014, Li et al., 2018) although this effect is
minimized in the tropics. In this study, potential inter-scan duplicated fire detections were
corrected following Li et al. (2018).
MAIAC aerosol optical depth (AOD)
MAIAC is an advanced algorithm to improve the accuracy of aerosol retrievals,
cloud detection, and atmospheric correction through a combination of pixel- and imagebased processing over time-series observations (Lyapustin and Wang 2018). The MAIAC
C6 1-km AOD product (MCD19A2) was downloaded from NASA's Land Processes
Distributed Active Archive Center. The MCD19A2 product provides a pixel-based quality
assurance flag associated with AOD retrieval and cloud mask detection. To avoid the
influence of cloud, water, and sun glint, we only used high-quality AOD derivations at 0.55
µm under a clear sky. To match MODIS fire observations, we transformed the projection
of MAIAC AOD from sinusoidal to geographical projection.
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ERA5 wind vector
ERA5 provides hourly wind vector data at a spatial resolution of 0.25°. We
extracted wind data at UTC times 3:00 and 6:00 to provide the closest match to MODIS
aerosol observations from the Terra and Aqua, with daytime overpasses at UTC 2:30 and
5:30, respectively. Wind data at 925 mb (~750 m above mean sea level) were used because
mean plume heights, derived from Multi-angle Imaging SpectroRadiometer (MISR), were
approximately 750 m in Sumatra and Kalimantan (Tosca et al., 2011). Wind speed (ws,
m/s) and direction (θ, degree) were calculated as follows:
𝑤𝑠 = √𝑢2 + 𝑣 2
𝜃 = 𝑚𝑜𝑑(180 +

180
𝑎𝑡𝑎𝑛2(𝑣, 𝑢), 360)
𝜋

(4-S2)
(4-S3)

where u and v are the eastward and northward components of the wind speed, respectively.
Peatland
The most recent available peatland map (2012) issued by the Indonesian Ministry
of Agriculture (MoA) was used, which were downloaded from the Global Forest Watch
website (https://data.globalforestwatch.org/datasets/) (Figure 4-1). Compared with another
commonly referenced peatland map, published by Wetlands International (Wahyunto and
Subagjo 2004), the MoA peatland map removes shallow peat areas less than 0.5-m depth.
The MoA peatland map is a qualitative presence and absence product. The peatland areas
were delineated using vector polygons in the shapefile format (Figure 4-1). In this study,
the MoA peatland map in the shapefile format was converted to the raster format with a
spatial resolution of 1 km to match other datasets.
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Figure 4-S1. Scatterplots of daytime total smoke aerosol emission rate (𝑅tsa ) against
daytime total fire radiative power (𝑅tFRP ) derived from both Terra and Aqua MODIS
during the Indonesian fire season in 2006. ‘n’ is the number of scatter points. Colors
correspond to the day of year when samples were observed. The slope of linear regression
presents the estimated Ce, and the shaded area is the 95% confidence interval. The
unqualified regression in Papua peatland is not displayed due to limited samples.
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Figure 4-S2. Time series of annual Ce values and TWS anomalies in Kalimantan (20022019). Error bars present the lower and upper 95% confidence limits for Ce derivation.
Grey text is the r2 that is obtained from linear regression in Ce calculation. Data in 2017
are not shown due to the lack of TWS anomaly data for this year. Data in years with
unqualified Ce (r2<0.5 or p-value>0.01 or n<5) are also excluded from further analyses.
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Figure 4-S3. As Figure 4-S2 but for the Sumatra region.
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Figure 4-S4. As Figure 4-S2 but for the Papua region.

Figure 4-S5. Time series of the Tropical Rainfall Measuring Mission (TRMM) daily
accumulated precipitation (Huffman et al., 2020) during October from 2010 to 2019 over
the field measurement area in Figure 4-1b.
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CHAPTER 5. Research Summary
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As presented in Chapter 1, this research aimed to improve the estimation of fire
particulate emissions in Indonesia, and then investigate the impacts from canal drainage
and peatland degradation/restoration on the fire emissions. To pursue this aim, this research
set three objectives, which were addressed by testing three hypotheses, respectively. This
chapter summarizes the key findings and discusses the potential research directions in the
future.

5.1 Hypothesis #1
Ce could be directly calculated from FRE and accumulated TPM derived from firesmoke plume matchups between Terra and Aqua overpasses.
5.1.1 Summary of the methods
Plume-based Ce was calculated by matching MODIS active fire locations and FRP
estimates with MODIS deep blue AOD over fire-smoke plume matchups during Terra and
Aqua daytime overpasses. Specifically, a number of fire-smoke plume matchups were
carefully selected at the beginning based on MODIS true-color images if the two following
criteria were met: (1) the isolated fire cluster was observed at both Terra and Aqua
overpasses with the corresponding smoke plume contrasting sharply to the background
area; and (2) the fire cluster and its plume were not contaminated by clouds. Then, the
corresponding fire-smoke plume matchup polygon was delineated manually in ArcGIS
based on the smoke plume extent on the true-color images. In addition, each of the firesmoke plume matchups was assigned to peatland or non-peatland fuel types. The fire
cluster FRE was calculated from temporally-integrated FRP and the emitted smoke TPM
was determined from excess AOD within each qualified fire-smoke plume matchup.
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Finally, the plume-level Ce was obtained by building the ordinary least square regression
between FRE and smoke TPM in the matchups for different fuel types.
5.1.2 Results and conclusions
Hypothesis #1 was confirmed. During 2012-2018, only 19 samples for peatlands
and 38 samples for non-peatland forests were qualified for the selection criteria in
Indonesia because of the exceedingly cloudy weather in this tropical country. The selected
samples mainly occurred during months from August to October, the peak dry season in
Indonesia. Both regression lines in peatlands and non-peatlands indicated the significant
correlation between FRE and smoke TPM (r2 ≥ 0.75; p < 0.001) derived from fire-smoke
plume matchups. However, the Ce value varied with land cover types. Specifically,
peatland fires had a higher Ce (52 g/MJ) than that (30 g/MJ) of non-peatland fires. Overall,
the plume-based Ce value reported in this study were comparable to those Ce values derived
from other studies (Kaiser et al., 2012, Ichoku and Ellison 2014, Nikonovas et al., 2017,
Mota and Wooster 2018).
5.1.3 Implications and limitations
This study provides a novel algorithm to estimate Ce at landscapes using FRE and
accumulated smoke aerosols derived from a set of fire-smoke plume samples. By using the
burning period between Terra and Aqua overpasses, there is no need to quantify the actual
starting and ending burning time of fire events. Therefore, this new algorithm is easy to be
applied to many regions as long as there are clear natural color images and qualified AOD
maps. In fact, a case study has been successfully conducted to derive Ce at the CONtiguous
United States (CONUS) with a temperate climate and Indonesia with a tropical climate.
Further, the derived Ce value is useful to estimate fire emissions at the regional scale. In
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addition, with the larger Ce value in peatlands than in non-peatlands, it urges the Indonesian
government to restore degraded peatlands to reduce fire occurrences and emissions.
This new algorithm also has several limitations. Foremost, it is challenging to select
many smoke plumes with good quality in regions with frequent cloud obstructions. Hence,
longer-term satellite observations are required if more Ce values are needed for other land
cover types with less spatial coverage, such as cropland and grass/savanna in Indonesia.
Second, the spatial resolution of MODIS deep blue AOD is too coarse (10 km), which may
cause some uncertainties to the plume area estimates (Wei et al., 2019). This algorithm is
expected to be improved once sufficient VIIRS AOD at 750-m spatial resolution is
available onboard SNPP and National Oceanic and Atmospheric Administration-20
(NOAA-20) satellites (Zhang et al., 2016). Third, the gap filing procedure for the AOD
map may lead to some uncertainties. Future work is needed to investigate more other gapfilling methods to get better TPM estimates for selected fire-smoke plume matchups
(Nguyen and Wooster 2020). Finally, a constant value of mass extinction efficiency (𝛽𝑒 )
is used to link AOD with smoke TPM because of the poorly resolved 𝛽𝑒 variation with
smoke particle properties in current literature (Wang and Christopher 2003, Reid et al.,
2005), which could also be improved further.
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5.2 Hypothesis #2
Fire particulate emissions estimation could be improved using diurnal FRP fused
from VIIRS and AHI fire observations.
5.2.1 Summary of the methods
This study improves Indonesian fire emissions estimates through enhanced
calculations of FRE and Ce using multiple new-generation satellite observations.
Specifically, fuel type-specific Ce values were derived for multiple fuel types (peatland,
forest, cropland, savanna/grass) using pixel-based FRP and emission rates of smoke
aerosols based on 750-m VIIRS active fire and aerosol products. FRE was calculated from
the diurnal FRP cycle that was reconstructed by fusing cloud-corrected FRP retrievals from
the high temporal-resolution AHI with those from high spatial-resolution VIIRS. Then,
fuel type-specific Ce values and fused AHI-VIIRS FRE were used to produce hourly and
daily fire emission data from 2015 to 2020 across Indonesia. To evaluate AHI-VIIRS
estimates, we generated an independent reference dataset of TPM by computing MODIS
aerosol observations differences from successive Terra and Aqua satellites overpasses over
a set of manually-selected smoke plumes. After being evaluated against the reference data,
the estimated fire emissions were further analyzed with a special focus on time-series
variations, spatial distributions, and fuel type contributions.
5.2.2 Results and conclusions
Hypothesis #2 was confirmed. The estimated Ce value in peatlands was generally
larger than in non-peatlands including forest, cropland, and savanna/grass. The
reconstructed diurnal FRP values increased relative to raw AHI FRP observations, and they
aligned very well with contemporaneous VIIRS cloud-corrected FRP in both peatlands and
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non-peatlands. Based on improved Ce and FRE parameters, the estimated FRP-based fire
emission estimates demonstrated a high quality with a significant agreement with the
independent reference dataset (r = 0.84; p < 0.001). The interannual time series analysis of
AHI-VIIRS emissions showed extreme variability (~26 fold) during the 6-year study
period across Indonesia. Most of these emissions (56 - 89%) were released from Sumatra
and Kalimantan islands. The fuel type contribution to total fire emissions across Indonesia
was highest from peatland (51%) followed by forest (38%), cropland (7%), savanna/grass
(4%) during extreme dry fire seasons. These findings suggest that the approach used in this
study can pave the way for generating improved estimations of tropical biomass burning
emissions.
5.2.3 Implications and limitations
The FRE quantification from this study compensates for the underestimation from
traditional FRE calculation techniques by capturing considerable small and cool fires
missed by coarse spatial resolution geostationary satellites, as well as large fires missed by
cloud obstructions or coarse temporal resolution polar-orbiting satellites. The FRP-based
method used in this study is applicable to improve fire emissions estimates in other regions
with available FRP retrievals from both polar-orbiting and geostationary satellites. Most
importantly, the estimated fire emissions dataset is helpful to monitor timely air quality
and visibility conditions, to enhance the modeling of weather, and to quantify the climate
and human health impacts at the regional even global scale.
Although this study improves the FRP-based approach in estimating fire emissions,
it still has some limitations. Firstly, due to the limited number of fire-smoke plume samples,
only the pixel-based algorithm can be used to derive the fuel type-specific Ce values in
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Indonesia. Even so, it is unlikely to characterize the interannual variation of these Ce values
during our 6-year study period (2015-2020) because the 750-m VIIRS AOD observations
are only available from July 2017 for SNPP and from March 2019 for NOAA-20. In
addition, although the FRP in this study is calculated using the best satellite observations
so far, we lack high-quality references for evaluating the regional cloud-corrected FRP.
Further, the AHI FRP calibration is based solely on SNPP VIIRS FRP, which could be
improved by using both SNPP and NOAA-20 VIIRS observations, but NOAA-20 VIIRS
FRP was not available until January 2020. Moreover, the fused FRP could still miss some
very small/cool fires that can even not be detected by the 375-m VIIRS. This has been
verified in previous studies showing that many more small fires are detectable in 30-m
Landsat imagery than VIIRS data (Schroeder et al., 2016, Li et al., 2020).
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5.3 Hypothesis #3
Fire emissions vary with drainage canal water levels and degree of peatland
degradation.
5.3.1 Summary of the methods
The impacts of canal drainage and canal backfilling on water levels were examined
using long-term field-measured water table depth (WTD) at different distances to canals.
To investigate the resultant water level effect on regional fire emissions, we studied the
relationship between Gravity Recovery and Climate Experiment (GRACE)-observed TWS
anomalies and Ce values in degraded peatlands and non-peatlands, respectively. Using
satellite-based TWS as an substitution of field-based WTD was because field
measurements were only available at the small local site, whereas fire emissions were
calculated at the regional scale. This practice was verified by the significant correlation
between TWS and WTD. Using Ce to indicate fire emissions was due to that Ce could
represent fire emissions per unit FRE. Since Indonesian peatlands are mainly distributed in
three islands of Sumatra, Kalimantan, and Papua, we estimated annual Ce values for
peatlands and non-peatlands separately in each of these three islands during 2002 and 2019.
To match these Ce values, satellite-observed TWS anomalies were firstly extracted in the
corresponding location and month of fire observations that were used to estimate Ce, and
then were spatially and temporally averaged. Then, we explored the inter-annual variation
of TWS anomalies and Ce values using time series analysis, and characterized their
statistical relationships using the exponential function.
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5.3.2 Results and conclusions
Field measurements showed that canal drainage led to lower water levels, whereas
canal backfilling produced promising results of higher water levels. In addition, time-series
analysis of satellite-based observations revealed that both Ce values and TWS anomalies
varied greatly from year to year. Ce was generally higher in dry years with lower TWS
anomalies, and vice versa. Further, the exponential function demonstrated a significant
negative relationship between Ce values and TWS anomalies, with exponentially
increasing Ce values with decreasing water levels. Besides, Ce changed at nearly twice the
rate in peatlands for a given TWS anomaly as in non-peatlands. Through the above findings,
we can conclude that canal drainage in the degraded peatlands can lead to higher fire
emissions, whereas canal backfilling in the peatland restoration project is capable of
reducing fire emissions. Further, degraded peatland is more susceptible to canal drainage
because of the double increase effect of fire emissions during water shortage in peatlands
relative to in non-peatlands.
5.3.3 Implications and limitations
This study, for the first time, investigates the synergistic impacts from drainage
canal and peatland degradation on fire emissions using long term satellite- and field-based
data. It supports the Indonesian government’s recent peatland restoration programs in
reducing fire emissions. However, although peatland restoration activities are currently in
full swing by the Indonesian government, more efforts are still needed to fully rewet many
peatland areas with heavily degraded conditions resulting from long-term extensive
drainage. Key findings of this study will assist the government’s decision-making
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procedures in peatland restoration through balancing peatland fire emissions impacts and
peatland development related to local communities' livelihood.
Potential limitations are related to both fire emission estimates and water levels.
With a great demand of fire-aerosol matchups in each year, the fire emissions are
represented as pixel-based Ce estimates that have several uncertainty sources, such as fixed
plume height and constant mass extinction efficiency. In addition, it is also needed to study
the impacts of drainage and degraded peatland impacts on the actual fire emissions derived
from both FRE and Ce values. As for the water level, although the GRACE TWS anomaly
is a good indicator of both below- and above-ground fuel moisture, using a single mean
TWS anomaly value for each year in each region may not correspond well to moisture
conditions of all fuels being used to derive Ce values (Tapley et al., 2004, Sadeghi et al.,
2020). Moreover, it is also helpful to investigate other driving factors of Indonesian fire
emissions, such as drought indicated by Palmer drought severity index (PDSI) or vapor
pressure deficit (VPD), in future studies (Abatzoglou and Williams 2016).

5.4 Key findings
In summary, the key findings of this dissertation are:
•

Smoke aerosol emission coefficients could be directly calculated from FRE and
accumulated smoke TPM derived in fire-smoke plume matchups between Terra and
Aqua overpasses.

•

Smoke aerosol emission coefficients are greater in peatlands than in non-peatlands.

•

Fused polar and geostationary satellite data are robust in fire emission estimation.

•

Emissions between Terra and Aqua MODIS overpasses provide robust validation data.
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•

Indonesian fire emissions were greatest during the 2015 fire season over the study
period from 2015 to 2020.

•

Most of Indonesian fire emissions were emitted from Sumatra and Kalimantan islands,
particularly their peatland areas.

•

Canal drainage leads to lower water levels and higher fire emissions, whereas canal
backfilling produces promising results of higher water levels and lower fire emissions.

•

Peatland is more susceptible to canal drainage than non-peatland because of the much
greater fire emissions in peatland during water shortage.
Overall, this dissertation with the above key findings (1) paves the way for

improved estimation of tropical biomass burning emissions by using the advanced
algorithms and the latest satellite and field observations; (2) supports the Indonesian
government’s decision-making procedures in peatland restoration through balancing
peatland fire emissions and peatland development related to local communities' livelihood;
(3) helps monitor air quality and visibility conditions and then quantifies the fire emission
impacts on the human living environment; and (4) enhances the modeling capability of
weather and climate impacts at the regional even global scale.

5.5 Recommendations and future directions
Based on the discussions of implications and limitations in the three studies
(Sections 5.1.3, 5.2.3, and 5.3.3), the algorithms used in this dissertation can be improved
further in the future by applying them to the most up-to-date satellite data and/or more
accurate parameters. Therefore, I recommend several main directions for future research
work.
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First, the Ce estimation could be improved. Although Ce varies with fuel types and
combustion phrases, some extent of Ce variations may be induced by the uncertainties of
input parameters, such as plume height and mass extinction efficiency (βe) as well as
satellite-observed AOD. Plume heights of individual smoke plumes are likely different, but
this study uses a fixed plume height due to challenges to obtain accurate plume heights for
each smoke plume. In addition, a constant βe is used to convert AOD to particulate matter
in this study because of the poor investigation of βe variation with smoke particle properties
(e.g., composition and age). Further research is needed to improve smoke plume heights
estimation and to understand βe variation under different conditions. Correspondingly, the
Ce derivation is expected to be improved further once more accurate plume heights and βe
values are available either from satellite or field observations.
Second, the quality of satellite AOD observations needs to be evaluated and
improved particularly in fire-prone regions. Currently, each of the available AOD products
has some pros and cons. For example, the AHI AOD has a higher temporal resolution (10
min), however, its performance is not as good as others when evaluated against ground
measurements. Although the spatial resolution (1 km) of MAIAC AOD is higher, this
product generally underestimates AOD in dense smoke areas. On the contrary, MODIS
AOD derived from the deep blue algorithm works better in regions with high smoke aerosol
concentrations, but it is limited by its coarse spatial resolution (10 km) over very small
smoke plumes. VIIRS AOD (750 m) is also derived from the deep blue algorithm but only
available from NOAA since July 2017. Hence, evaluating and comparing the performance
of all existing satellite AOD products are highly necessary over fire smoke plume areas.
Moreover, all the mentioned AOD always have large gaps, especially over extremely thick
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smoke pixels, because such pixels are prone to be misclassified as clouds in the AOD
retrieval algorithm and then be assigned as no data in the AOD map. Therefore, it is
indispensable to find an optimal method to fill the gaps in AOD maps. Alternatively,
improving the cloud detection and AOD retrieval algorithms, especially for geostationary
satellites (e.g., Himawari-8) due to its strong ability in depicting diurnal smoke aerosol
variabilities, will also be helpful over regions frequently affected by thick fire smoke.
Third, the FRE quantification is recommended to be improved further to detect
more small/cool peat fires in Indonesia, such as fusing VIIRS FRP from NOAA-20 and/or
using FRP retrievals from finer-resolution sensors, like Landsat, upon when more qualified
fire data are available. Similarly as above, an improved cloud detection algorithm is also
useful for FRP retrievals because the misclassification of dense smoke as clouds gives birth
to underestimated FRP values.
Fourth, creating an effective reference dataset for fire emissions is critical because
existing estimates from different approaches vary considerably in magnitude, differing by
a factor of four. Although this study proposes a novel algorithm to evaluate fire emission
estimates based on AOD observations during Terra and Aqua overpasses, the
TROPOspheric Monitoring Instrument (TROPOMI) observed CO also provides a good
opportunity for evaluation due to the inert characteristic of CO emission species as smoke
plume ages. However, this satellite only overpasses once a day and it is challenging to
decide the start burning time for releasing CO emissions. In addition, given the divergent
fire emission estimates between bottom-up and top-down approaches, the underlying
mechanism of the large discrepancy remains unclear and also needs a thorough
investigation in the future.
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Finally, more driving factors of fire emissions should be investigated in future
studies. Under the threat of global warming, projecting the climate change on fire emissions
is deserved to be studied based on some drought indexes, such as VPD and PDSI. With the
considerable efforts on peatland restoration, the effectiveness of restored water level and
vegetation impacts on fire emissions needs more investigation. Furthermore, a
comprehensive study of the synergistic effects from multiple driving factors of fire
emissions is encouraged to fully understand Indonesian fire emissions.
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